
















































COMMUNITY STRUCTURE AND FUNCTION OF MIXED MICROALGAL 
COMMUNITIES FOR NUTRIENT RECOVERY AND THE SELECTION OF LIPID AND 



















Submitted in partial fulfillment of the requirements 
for the degree of Doctor of Philosophy in Environmental Engineering in Civil Engineering 
in the Graduate College of the 










 Assistant Professor Jeremy S. Guest, Chair 
Associate Professor Thanh H. (Helen) Nguyen 
 Professor Carla E. Cáceres 







Phototrophic systems are uniquely positioned to meet 21st century nutrient removal needs 
from wastewater – they have the potential to offer low-cost, low-input nitrogen and phosphorus 
recovery with effluent nutrient concentrations below the current limit-of-technology while 
simultaneously producing carbon-rich biomass. Despite this potential, current systems are 
operated empirically and suffer from unpredictable community dynamics that hinder performance. 
In order to create engineered systems that experience reliable and predictive behavior, there is a 
critical need to understand how design and operational parameters influence community structure, 
nutrient, and carbon (i.e., carbohydrate and lipid) dynamics. In addition to systematic process 
performance evaluations, elucidating this relationship requires a comprehensive examination of 
algal community structure, the molecular tools for which are underdeveloped.  
This works used process design to target specific functions in microalgae, with a focus on 
creating selective environments that recover nutrients and produce biomass rich in carbohydrates 
and lipids. Specifically, this work leveraged solids residence time (SRT) as a parameter that 
influences system wide performance and examined (1) nutrient (i.e., nitrogen and phosphorus) 
recovery via microalgal biomass assimilation, (2) eukaryotic and bacterial community structure, 
and (3) carbon dynamics of mixed algal-bacterial communities treating secondary effluent from a 
water resource recovery facility (a.k.a., wastewater treatment plant). Results are presented from 
long-term experiments using continuously-fed photobioreactors performed to test the efficacy of 
nutrient uptake in microalgal-wastewater systems and to elucidate the complex relationship 
between nutrient uptake, community structure and function, and carbon dynamics across long-
term and diel time scales. Additionally, in order to overcome a core barrier to innovation in algal 
technology development, 18S rRNA gene-specific primers were designed and evaluated for use 
with the Illumina MiSeq second generation sequencing platform, a significant advancement that 
has broad interdisciplinary impacts and improves the current understanding of eukaryotic 
sequencing across the fields of environmental engineering, limnology, and oceanography. 
Additional significant findings indicate: (1) SRT meaningfully influences community 
structure and function, with higher SRTs exhibiting increased community stability but more 
variable system performance (i.e., nutrient recovery), and lower SRTs experiencing higher 
diversity and more dynamic community structure, but with more resilient system performance; (2) 
SRT drives differences in carbon dynamics across mixed communities, with dynamic 
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carbohydrates and steady-state extant carbohydrate production increasing at lower SRTs; and (3) 
high SRTs successfully select for microalgae with higher intrinsic carbon accumulation rates, 
indicating SRT may be successfully leveraged to generate bioenergy feedstocks with a range of 
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1.1 Potential of Phototrophic Wastewater Treatment   
 
As the country’s wastewater treatment plants are faced with increasing nutrient limits and aging 
infrastructure, phototrophic systems are uniquely positioned to provide solutions that meet the 
needs of the 21st century. The wastewater field is under increasing pressure to reduce the impact 
of nutrient discharge into the environment – the nation’s surface waters are already deteriorating 
from excess nutrient loading (Conley et al., 2009; H W Paerl et al., 2004), decreased resilience of 
ecosystems (Mori et al., 2013; Ponce-Campos et al., 2013; Waycott et al., 2009), and increased 
variability in renewable freshwater sources due to climate change (Kundzewicz et al., 2008; Meehl 
and Tebaldi, 2004; Oki and Kanae, 2006). Current approaches to wastewater treatment are energy-
intensive (consuming roughly 0.3-0.6 kW·h·m-3 of wastewater treated or 1-3% of U.S. electricity 
demand (McCarty et al., 2011; USEPA, 2006)) and further contribute to climate change via 
greenhouse gas emissions. Furthermore, the economic cost of meeting these stringent nutrient 
demands is extremely high (e.g., an estimated $3.36–3.96 billion for the for plants discharging to 
the Chesapeake Bay watershed (USEPA, 2008)). Given that the U.S. infrastructure will require 
approximately $300 billion in upgrades over the next 20 years (ASCE, 2017), there is 
unprecedented interest in transforming wastewater treatment facilities into water resource recovery 
facilities (WRRFs)(Guest et al., 2009; Larsen et al., 2009; Verstraete et al., 2009). Phototrophic 
technologies offer low-energy treatment (B D Shoener et al., 2014; Sturm and Lamer, 2011) that 
may reduce effluent nitrogen (N) and phosphorus (P) beyond the current limit-of-technology while 
recovering nutrient- (i.e., N and P) and carbon-rich algal biomass for use as fertilizer or as 
bioenergy feedstock. With over 7,000 treatment plants (USEPA, 2002) currently utilizing 
phototrophic systems and other treatment plants planning upgrades, phototrophic technologies are 
well poised to become a mainstream process for meeting nutrient standards while providing 
valuable commodities for the agriculture and energy realms. 
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Phototrophs have significant potential to recover nutrients from wastewater while enabling 
positive net energy wastewater treatment through bioenergy feedstock production. Cultivation of 
algal biomass through open ponds or closed system photobioreactors can be converted to 
bioenergy through multiple technologies, including transesterification of triacylglycerols (i.e., 
non-polar storage lipids)(Chisti, 2007; Fukuda et al., 2001), anaerobic digestion (Golueke et al., 
1957; Golueke and Oswald, 1963, 1959), hydrothermal liquefaction (HTL) (Brown et al., 2010; 
Patil et al., 2008), and combustion (Clarens et al., 2011; Sturm and Lamer, 2011). Treatment could 
generate between 1,200-4,700 kJ·capita-1·day-1 depending on the type of cultivation and 
conversion technology used (B D Shoener et al., 2014). At the high end, this would be nearly twice 
the energetic content of the COD entering an average plant (2,500 kJ·capita-1·d-1) and almost four 
times the typical amount of energy generated by methane producing anaerobic technologies (1,020 
kJ·capita-1·d-1) that are widely considered to be promising alternatives for energy neutral 
wastewater treatment. When coupled with anaerobic technologies, phototrophic systems could 
achieve energy recovery and production on the order of 6,480 to 11,923 kJ·capita-1·d-1 – an order 
of magnitude above the whole-plant energy demand of conventional WWTPs (389-778 kJ·capita-
1·d-1 or 0.3–0.6 kWh·m-3 (McCarty et al., 2011; USEPA, 2006)). Additionally, there is growing 
consensus among the algal biofuel industry that wastewater should be leveraged to make algal 
biofuels environmentally and economically viable (Christenson and Sims, 2011; Clarens et al., 
2010; Pittman et al., 2011a). In fact, the DOE’s National Algal Biofuels Technology Roadmap 
states, “inevitably, wastewater treatment and recycling must be incorporated with algae biofuel 
production”(DoE, 2010) (emphasis added). 
 
1.2 Critical barriers to the widespread implementation of phototrophic wastewater treatment 
 
Despite their potential, current phototrophic wastewater treatment systems are currently designed 
using empirical standards with a descriptive research emphasis on phototrophic growth and 
nutrient removal that makes it difficult to optimize system performance and economics. 
Historically, the dominant technology to use phototrophs for wastewater treatment has been open 
ponds such as waste stabilization ponds (WSPs), widely used in rural areas for their low-cost and 
effective treatment of wastewater. These systems are often not highly engineered, but sized and 
operated according to established practices and empirical data (Mara, 2011). With the exception 
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of early visionary proposals linking wastewater to bioenergy with microalgae (Oswald and 
Golueke, 1960), WSP literature has focused almost exclusively on wastewater treatment (removal 
of COD, N, P, heavy metals). More advanced process design has been undertaken by the energy 
community, where microalgae have long been considered for use as bioenergy feedstock (Golueke 
et al., 1957; Golueke and Oswald, 1959), but research has focused on cultivation methods that 
maximize carbon storage of pure cultures and downstream processing of the feedstock 
(e.g.,(Goodson et al., 2011; Passos and Ferrer, 2014; Siaut et al., 2011)), with little emphasis on 
mixed community growth or practical aspects such as nutrient sourcing and economic viability. It 
is only recently that serious attention has been given to combining these two fields, with numerous 
studies declaring it essential to combine microalgal growth with wastewater for the long-term 
economic and environmental viability of algal-derived biofuels (Clarens et al., 2010; Sturm and 
Lamer, 2011). However, the result has been a large volume of work that now combines wastewater 
treatment data (COD, N, P, heavy metals) with carbon storage (primarily non-polar lipids as 
FAMEs) for use as biodiesel feedstock (Park and Craggs, 2011a; Woertz et al., 2009; Zhu et al., 
2013). While essential to understanding the potential and limitations of wastewater-derived 
feedstock, these studies have done little to uncover the underlying relationships between system 
design and carbon storage.  
Dynamic, engineered systems that select for target functions (e.g., carbohydrate 
accumulation) while recovering N and P require the coupling of phototrophic growth and carbon 
dynamics with process design. In addition to changes with HRT/SRT and nutrient loading, 
phototrophic communities experience diurnal variation in response to complex environmental 
factors such as light intensity, temperature, pH, and competition between organisms (Collins, 
2011; Collins and de Meaux, 2009). Robust process design must account for daily variation in 
addition to long-term growth and physiological adaptation due to these factors. A critical barrier 
to designing these systems is a lack quantitative data relating selective pressures (e.g., HRT/SRT) 
to metabolic selection and carbon storage.  
It is not possible to accurately design systems for specific growth rates or target functions 
from our existing knowledgebase because of the disconnect between multiple fields and 
approaches (i.e., qualitative and empirical wastewater approaches versus pure culture kinetic 
experiments). For example, there are wastewater studies that examine HRT/SRT and cellular 
growth (e.g., (Iman Shayan et al., 2016; Park and Craggs, 2011b; Valigore et al., 2012; Xu et al., 
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2015)) and a multitude of kinetic studies that examine the growth and carbon accumulation rates 
in pure cultures (e.g., (Goodson et al., 2011; Lacour et al., 2012; Siaut et al., 2011; Stephenson et 
al., 2010)), but few studies that connect HRT/SRT to growth and carbon accumulation in either 
pure culture or mixed communities. The few studies that do exist focus exclusively on reporting 
the lipid (e.g., (Arbib et al., 2013; Craggs et al., 2011; Woertz et al., 2009)) or total energetic 
content (e.g., (Park et al., 2013)) of microalgae cultivated under different HRT/SRTs. To date, the 
few studies that examine HRT/SRT and its effect on phototrophic growth have done so across a 
broad range of environmental factors that make it difficult to discern trends (e.g., (Iman Shayan et 
al., 2016; Xu et al., 2015)). Additionally, there is little understanding of how HRT/SRT affect 
growth and carbon storage across both diurnal and longer-term temporal scales.   
Connecting selective pressures and carbon storage with community structure and function 
will establish the final missing link that will enable whole process design. The final step in 
designing complex systems is to couple selective pressures and metabolic selection with mixed 
community composition and function. The influence of HRT/SRT on metabolic selection has been 
studied most often indirectly (e.g., (Arbib et al., 2013; Craggs et al., 2011; Woertz et al., 2009)). 
The direct effect of HRT and/or SRT on species selection and function in mixed community 
wastewater has been studied only rarely (e.g., (Anbalagan et al., 2016; Xu et al., 2015), and these 
studies examine specific aspects of the treatment process (e.g., nutrient uptake or community 
structure). Furthermore, no study has been performed that explicitly examines the effects of HRT 
and SRT independently, with HRT and SRTs that are relevant to wastewater treatment process 
design. Coupling fundamental knowledge of metabolic pathway selection in microalgae with 
community level analyses will provide insights into the types of phototrophs adept at accumulating 
carbon reserves. Additionally, selecting for a metabolic pathway may in turn select for particular 
types of phototrophic accumulators. This two-part selection would enhance carbon accumulation 
and may allow for natural, passive systems that provide more reliable treatment and equivalent 
carbon reserves than less robust pure culture or bioengineered alternatives.   
 
1.3 Scope of Dissertation Research 
 
The overarching goal of this research was to gain a mechanistic understanding of how design and 
operational decisions influence nutrient and carbon dynamics in mixed phototrophic communities 
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(e.g., microalgae) used for wastewater management. Specifically, the objective of this work was 
to elucidate the effect of system characteristics on microbial community structure, function, and 
performance (i.e., nutrient recovery and carbon accumulation) in mixed algal-bacterial 
communities. This work used process design to target specific functions in microalgae, with a 
focus on creating selective environments that recovered nutrients and produced biomass rich in 
carbohydrates and lipids. Using SRT as a parameter to influence system wide performance,  the 
work presented here systematically examined its effect on altering the diversity and richness of 
algal-bacterial communities, functional stability related to nutrient uptake, and the carbohydrate 
and lipid dynamics influenced by changing SRT as an operational parameter.  
This project bridged a crucial knowledge gap in phototrophic-based wastewater 
management systems by linking system characteristics with community composition and 
performance in order better understand how selective pressures influence nutrient uptake and 
energy-rich carbon stores (i.e., starches and non-polar lipids) over long-term and diurnal time 
scales. Understanding these effects will aid in the design of systems that reliably recover N and P 
from wastewater while passively selecting for a desired metabolic pathway or a specific group of 
organisms (e.g., “lipid accumulators”) in order to produce a unique algal feedstock for the desired 
downstream application (e.g., (Leow et al., 2015a)). Furthermore, in order to overcome a core 
barrier to innovation in algal technology development, 18S rRNA gene-specific primers were 
designed and evaluated for use with the Illumina MiSeq second generation sequencing platform, 
an advancement that has broad interdisciplinary impacts and improves the current understanding 
of eukaryotic sequencing across the fields of environmental engineering, limnology, and 
oceanography. Additional significant findings indicate that: (1) SRT meaningfully influences 
community structure and function, with higher SRTs exhibiting increased community stability but 
more variable system performance (i.e., nutrient recovery), and lower SRTs experiencing higher 
diversity and more dynamic community structure, but with more resilient system performance; (2) 
SRT drives difference in carbon dynamics across mixed communities, with dynamic carbohydrates 
and steady-state extant carbohydrate production increasing at lower SRTs; and (3) High SRTs 
successfully select for microalgae with higher intrinsic carbon accumulation rates, indicating that 
SRT may be successfully leveraged to generate bioenergy feedstocks with a range of biochemical 




1.4 Organization of dissertation 
 
The objective of this work, as stated above,  was to elucidate the effect of system characteristics 
on microbial community structure, nutrient recovery, and carbon dynamics over long-term and 
diurnal time-scales. Chapter 2 introduces relevant background to these topics, while Chapter 3 
presents the molecular method development undertaken in order to accurately characterize 
microalgal communities through the use of second generation sequencing techniques. Following 
this chapter, Chapters 4 and 5, respectively, present long-term studies that examine the effect of 
SRT on (1) microbial community structure and nutrient uptake in mixed microalgal-bacterial 
communities used for wastewater treatment and (2) carbon dynamics over long-term and diurnal 
cycles in phototrophic treatment systems. Appendices A, B, and C provide the Supplementary 
Information for Chapters 3, 4, and 5, respectively. 
 








2.1 Nutrient uptake by phototrophs 
 
Microalgae have high maximum specific uptake rates (Lehman and Scavia, 1982), and have been 
shown to rapidly uptake organic phosphorus and organic nitrogen (Bronk et al., 2007; Liu et al., 
2012; Qin et al., 2015). It is this ability to assimilate organic N and P that evades removal by 
traditional engineered systems that may help to reduce the current  limit-of-technology (LOT) 
below 3 mg N·L-1 and 0.1 mg P·L-1 (Bott and Parker, US EPA 2015) and to enable treatment plants 
to meet ambitious effluent quality standards. Recent studies have used microalgae for primary 
treatment BOD and nutrients (Park and Craggs, 2010), nutrient polishing (i.e., tertiary treatment) 
targeting phosphorus, ammonia, and/or nitrate (e.g., (Silva-Benavides and Torzillo, 2011; Sturm 
and Lamer, 2011; Whitton et al., 2016)) as well as sidestream processes such as ammonia- and 
phosphorus- rich effluent from anaerobic digestion (Uggetti et al., 2014). Furthermore, the ability 
of microalgae to store organic carbon as lipids and carbohydrates allows the stabilization of growth 
in the absence of exogenous energy sources (i.e., night-time) (Mooij et al., 2013) and allows 
microalgae to assimilate nutrients across diurnal cycles.  
 
2.2 Phototrophic carbon accumulation 
 
Metabolic pathways and carbon accumulation in phototrophs are influenced by nutrient 
availability. Intracellular carbon storage in the form of carbohydrates and lipids provide 
phototrophs with energy reserves to mobilize during dark periods. Carbohydrates in the form of 
starch are the primary (i.e., daily) microalgal storage compounds that are utilized during the night 
to maintain cellular function, while lipids provide a longer-term form of storage (Li et al., 2011). 
Multiple environmental stressors are known to induce carbohydrate and/or lipid storage in 
microalgae, including nutrient deficiency (Markou et al., 2012), salinity (Rao et al., 2007), light 
(Richmond and Hu, 2013), and temperature changes (Carvalho et al., 2009). Of these, nitrogen 
starvation is the most commonly used technique to induce intracellular carbon storage (Courchesne 
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et al., 2009; Illman et al., 2000; Li et al., 2008) because it has been shown to drastically increase 
lipid production in microalgae (e.g., (Goodson et al., 2011)). The effect of nitrogen starvation on 
carbohydrates appears to vary with both species and environmental conditions, with studies 
indicating that carbohydrate accumulation may or may not occur in the same species (Brányiková 
et al., 2011; Widjaja et al., 2009). Conversely, phosphorous starvation has been shown to increase 
the storage of carbohydrates in algal cells (Guerrini et al., 2000), and in some cases, lipids (Dean 
et al., 2008; Rodolfi et al., 2009). 
Optimization of phototrophic systems must balance the difficult tradeoffs between cellular 
growth and carbon accumulation that are difficult to predict. Systems must efficiently grow 
phototrophs in order to treat wastewater and create biomass for downstream processing, but 
creating energy-rich biomass (i.e., high lipid) comes at the expense of cellular growth (Ratledge, 
2001). Balancing these two opposing factors is key to creating efficient systems that operate with 
the highest carbon productivity while still reducing N and P to acceptable levels in the waste 
stream. A number of studies have proposed possible solutions such as two-step processes that build 
up biomass in one stage before entering a second stage that induces lipid accumulation through 
nutrient starvation (e.g., (Huntley and Redalje, 2007; Li et al., 2008)), but these proposals lack the 
fundamental knowledge necessary to optimize the phototrophic system to maximize productivity. 
Rather, they allow for a system that is better than the alternative (i.e., single step batch cultivation) 
as measured by lipid productivity (Courchesne et al., 2009). In order to maximize carbon 
productivity, it is necessary to model and predict the rate at which target storage compounds are 
produced and degraded. Understanding this behavior will allow us to design systems that reliably 
recover nutrients and produce algal feedstock unique to the type of biofuel being produced. 
 
2.3. Modeling and prediction of system performance 
The current wastewater knowledgebase lacks critical kinetic parameters that are necessary to 
accurately model phototrophic growth and metabolic processes. Multiple cultivation models exist 
to predict growth and nutrient uptake in various processes – from single-species marine models 
(Barbosa et al., 2003; Wu and Merchuk, 2002) to pseudo-mechanistic models for high rate algal 
ponds (Jupsin et al., 2003), photobioreactors (Drexler et al., 2014), and biofilms (Wolf et al., 2007) 
that were calibrated using mixed wastewater communities. However, these processes do not 
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predict the dynamic storage of carbon as lipids or starch, which are important considerations when 
the end goal is to design processes that both treat wastewater and generate biomass for downstream 
processing. Although modeling of storage polymers in phototrophs has been done previously (e.g., 
(Mairet et al., 2011)), this work was done using a pure culture marine alga and synthetic media 
with little relevance to mixed wastewater communities. In addition to pseudo-mechanistic models, 
advances in molecular tools have allowed metabolic network modeling of enzymatic processes 
that include hundreds of reactions (Boyle and Morgan, 2009; Kliphuis et al., 2012; Manichaikul 
et al., 2009). These models may provide valuable insight into factors that may increase biomass 
yield or carbon storage, but they are computationally burdensome and are based on observations 
of model alga alone.   
A hybrid approach that combines key steps from metabolic pathway models with empirical 
process modeling will allow the prediction of phototrophic growth and carbon storage. Guest and 
colleagues (Guest et al., 2013) published a lumped pathway metabolic model (the phototrophic 
process model [PPM]) that has been shown to reasonably predict cellular growth and 
carbohydrate/lipid accumulation and degradation in mixed community phototrophs. Using 
published metabolic network models for C. reinhardti, complex metabolic reactions were pooled 
into single, simultaneous reactions dependent on a single variable. When combined with pseudo-
mechanistic modeling of functional processes (e.g., nutrient uptake, lipid/carbohydrate storage, 
growth on stored lipids/carbohydrates), the PPM allows for the determination of state variables 
such as biomass, lipid/carbohydrate, and N/P concentrations. Although the model was 
calibrated/validated to mixed community phototrophs, experimentation used synthetic media and 
fluorescent lights. Dissertation experiments used LED simulated natural light with secondary 
effluent wastewater and generated parameters that can be used to improve model structure and fit. 
Additionally, the kinetic parameters of the PPM were derived from sparse data, and additional 
experimentation performed herein will provide a more accurate prediction of phototrophic growth 
in full-scale treatment plants.  
2.4 Characterization of algal community structure  
 
The use of high-throughput sequencing technologies (e.g., Illumina MiSeq) with eukaryotic 
wastewater phototrophs is virtually nonexistent, and the field relies heavily on microscopy for 
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species identification. Although the wastewater field has used sequencing extensively with the 16S 
rRNA gene to evaluate a wide range of bacterial communities (e.g., (Crocetti et al., 2000; 
Juretschko et al., 1998; Purkhold et al., 2000; Snaidr et al., 1997)), it has been slow to adopt 
molecular methods with respect to eukaryotic phototrophs (i.e., microalgae). The use of high-
throughput sequencing can allow for the rapid detection of algal species present in these systems 
without many of the problems commonly associated with microscopy: (1) identification that is not 
limited to those organisms with morphological markers; (2) an ability to classify organisms at the 
species level; and (3) methods that require fewer personnel and less time (Eland et al., 2012). 
Furthermore, examining the community through gene sequencing allows us to take an in-depth 
look at the community structure (i.e., membership and relative abundance) of the organisms 
present. When coupled with other techniques, such as transcription analysis of a particular 
functional gene, high-throughput sequencing can allow us to relate community structure to 
community function. 
In order to accurately measure community structure, it  was necessary to design novel 
rRNA primers for use with phototrophic communities. Although limnology and oceanography 
studies provided a starting point for which to design primers, there is no widely accepted target 
gene for sequencing eukaryotic phototrophs. Previous studies have targeted various rRNA genes 
(e.g., 5.8S + ITS-2(Guo et al., 2015; Lundholm et al., 2006), 18S (Bazin et al., 2013; Di et al., 
2001; Medlin et al., 1996; Viprey et al., 2008; Zhu et al., 2005), and 23S (Sherwood and Presting, 
2007) regions),  mitochondrial genes (e.g., cytochrome c-oxidase 1 [COI](Hebert et al., 2003)), 
and chloroplast genes (e.g., the rbcL gene which encodes the large subunit for RuBisCO (Ghosh 
and Love, 2011; Hepperle and Krienitz, 2001; Paul et al., 2000)), but these studies have been 
predominately isolated to marine phytoplankton (e.g., (Di et al., 2001; Vargas et al., 2015; Vaulot 
et al., 2008)) and occasionally used with freshwater phytoplankton (e.g., (Eiler et al., 2013)). 
Primers had yet to be critically evaluated (i.e., quantification of error) for use with phototrophs of 
interest to the wastewater field. The most commonly used gene is the 18S rRNA gene that encodes 
the small ribosomal subunit (analogous to the 16S gene in bacteria and archaea), which offers the 
advantage of numerous alternating highly variable regions (V1-V9) and conserved regions, along 




The quantification of error associated with community representation is a critical challenge 
that is often ignored. In order to apply high-throughput sequencing techniques to wastewater, one 
must recognize several problems associated with this approach: (1) Sequencing errors and 
chimeras formed during DNA amplification,  (2) primers used to amplify DNA may not cover a 
large portion of the microbial diversity (Hong et al., 2009),  (3) different amplification efficiencies 
between 18S rRNA genes may result in altered relative abundances of detected OTU’s (Polz and 
Cavanaugh, 1998; Suzuki and Giovannoni, 1996), and (4) gene copy number variation may result 
in altered relative abundances of detected OTU’s (Zhu et al., 2005). While the first issue has been 
the target of much research, particularly with respect to 16S rRNA gene sequencing (e.g., (Huse 
et al., 2010; Quince et al., 2009; Reeder and Knight, 2010)), there has been little progress in 
understanding the effect PCR bias and gene copy number has on community structure. Exceptions 
to this include a study by Pinto and Raskin and Zhou et al. (Pinto and Raskin, 2012; Zhou et al., 
2011), which systematically examined the effect of PCR bias using 16S rRNA primers on the 
structure of archaeal and bacterial communities and studies that examine the effect of gene copy 
number on diversity estimates (e.g. (Kembel et al., 2012)). However, the work herein details the 
effect of PCR bias on eukaryotes for the first time. Additionally, while differences in 16S gene 
copy number (between 1-15 gene copies depending on the species (Kembel et al., 2012)) can skew 
estimates of bacterial populations, gene copy number likely has a much larger effect for 
eukaryotes, for which copy number can very from 1 to over 12,000 in phototrophs alone (Zhu et 
al., 2005). In order to reliably estimate community structure, it is necessary to carefully select 
primers that amplify the target community while understanding the effect that primer selection has 
on the final diversity (i.e., PCR bias). 
 
This chapter was previously published in Applied & Environmental Microbiology as: Bradley, I.M., Pinto, A.J., Guest, J.S. Design 
and Evaluation of Illumina MiSeq-Compatible, 18S rRNA Gene-Specific Primers for Improved Characterization of Mixed 







DESIGN AND EVALUATION OF ILLUMINA MISEQ-COMPATIBLE, 18S RRNA 
GENE-SPECIFIC PRIMERS FOR IMPROVED CHARACTERIZATION OF 




The use of high-throughput sequencing technologies using the 16S rRNA gene for characterization 
of bacterial and archaeal communities has become routine. However, the adoption of sequencing 
methods for eukaryotes has been slow, despite their significance to natural and engineered systems. 
There is large variation among the target genes used for amplicon sequencing, and among the 18S 
rRNA gene, no consensus on which hypervariable region provides the most suitable representation 
of diversity. Additionally, it is unclear how much PCR/sequencing bias affects the depiction of 
community structure using current  primers. The present study amplified the V4 and V8-V9 
regions from seven microalgal mock communities as well as eukaryotic communities from 
freshwater, coastal, and wastewater samples to exam the effect of PCR/sequencing bias on 
community structure and membership. We find that degeneracies on the 3’ end of the current V4 
specific primers impact read length and mean relative abundance. Furthermore, the 
PCR/sequencing error is markedly higher for GC-rich members as compared to communities with 
balanced GC-content. Importantly, the V4 region failed to reliably capture two of the twelve mock 
community members and the V8-V9 hypervariable region more accurately represents mean 
relative abundance and alpha- and beta-diversity. Overall, the V4 and V8-V9 regions show similar 
community representation over freshwater, coastal, and wastewater environments, but specific 
samples show markedly different communities. These results indicate that multiple primer sets 
may be advantageous to gain a more complete understanding of community structure and highlight 







The quantification of error associated with community representation by amplicon sequencing is 
a critical challenge that is often ignored. When amplifying target genes using currently available 
primers, differential amplification efficiencies result in inaccurate estimates of community 
structure. The extent to which amplification bias affects community representation and the 
accuracy with which different gene targets represent community structure is not known. As a 
result, there is no consensus on which region provides the most suitable representation of diversity 
for eukaryotes. This study determines the accuracy with which commonly used 18S rRNA gene 
primer sets represent community structure and identifies particular biases related to PCR 
amplification and Illumina MiSeq sequencing in order to more accurately study eukaryotic 
microbial communities. 
 
3.3 Introduction  
The use of high-throughput sequencing technologies (Caporaso et al., 2012; Sogin et al., 2006) has 
transformed the field of microbial ecology by contributing to a significant body of work that has 
changed our understanding of microbial diversity in a range of ecosystems. This is particularly 
true for investigations of bacterial and archaeal communities that target the 16S rRNA gene 
(Dethlefsen et al., 2008; Roesch et al., 2007; Sogin et al., 2006; Teske et al., 2002). However, 
amplicon sequencing approaches for eukaryotes have lagged behind, due in part to the large 
variation in copy numbers of target genes among species (1-25,000+ for the 18S rRNA gene 
(Prokopowich et al., 2003)) and multiple hypervariable regions that are typically longer than early 
DNA sequencing platforms could sequence (Amaral-Zettler et al., 2009). The use of amplicon 
sequencing is of particular interest with respect to eukaryotic  microalgae or phytoplankton due to 
their role in natural and engineered ecosystems (e.g., contribution to global carbon fixation (Viprey 
et al., 2008), eutrophication of waterways (Conley et al., 2009; H W Paerl et al., 2004), treatment 
of nutrient and heavy metals in wastewater (Craggs et al., 2003), and the production of biofuels 
(Chisti, 2007), among others).  
In engineered systems, microalgal technologies are uniquely positioned to provide 
solutions for both wastewater and energy industries by recovering nutrients (i.e., nitrogen [N] and 
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phosphorous [P] via assimilation) and generating carbon-rich algal feedstock for downstream 
processing. Indeed, there is growing consensus among the algal biofuel industry that wastewater 
should be leveraged to make algal biofuels environmentally and economically viable (Christenson 
and Sims, 2011; Clarens et al., 2010; Pittman et al., 2011a). Elucidating the relationship between 
system function (i.e., nutrient and carbon assimilation), operating parameters, and community 
composition requires a comprehensive examination of microalgal community structure (i.e., 
membership and relative abundance) and dynamics, the molecular tools for which are currently 
underdeveloped.  
Although the wastewater field has used 16S rRNA amplicon sequencing to evaluate a wide 
range of bacterial communities (e.g., (Crocetti et al., 2000; Juretschko et al., 1998; Purkhold et al., 
2000; Snaidr et al., 1997)), the use of high-throughput sequencing technologies with eukaryotic 
microalgae is virtually nonexistent, and the field relies heavily on microscopy for species 
identification. Sequencing offers the rapid detection of algal species without many of the problems 
associated with microscopy: (i) identification is not limited to those organisms with well-identified 
morphological markers; (ii) fewer personnel and less time is required (Eland et al., 2012) and (iii) 
hundreds of samples can be processed simultaneously by leveraging massively parallel approaches 
afforded by high-throughput sequencing. Furthermore, examining the community using amplicon 
sequencing allows us to take an in-depth look at the community structure of the organisms present. 
When coupled with other techniques, such as transcriptional analysis of a particular functional 
gene and/or statistical approaches to correlate reactor performance with algal community, high-
throughput sequencing may allow us to relate community structure to community function (de los 
Reyes, 2010).  
Despite recent studies that have developed broad eukaryotic primers (Hadziavdic et al., 
2014; Hugerth et al., 2014) using the small subunit (SSU) 18S rRNA gene, there is no widely 
accepted target gene used to sequence microalgae. Previous studies have targeted various regions 
of the rrn operon (e.g., 5.8S + ITS-2 (Guo et al., 2015; Lundholm et al., 2006), 18S (Bazin et al., 
2013; Di et al., 2001; Medlin et al., 1996; Viprey et al., 2008; Zhu et al., 2005), and 23S (Sherwood 
and Presting, 2007) regions), mitochondrial genes (e.g., cytochrome c-oxidase 1 [COI] (Hebert et 
al., 2003)), and chloroplast genes (e.g., the rbcL gene which encodes the large subunit for 
RuBisCO (Ghosh and Love, 2011; Hepperle and Krienitz, 2001; Paul et al., 2000) and the 16S 
rRNA gene (Fuller et al., 2006)), but these studies have been predominately limited to marine 
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phytoplankton (e.g., (Di et al., 2001; Vargas et al., 2015; Vaulot et al., 2008)) and occasionally 
focused on freshwater phytoplankton (e.g., (Eiler et al., 2013)). The 18S rRNA gene is commonly 
amplified and offers the advantage of numerous alternating hypervariable (V1-V9) and conserved 
regions. Within the 18S rRNA gene, multiple studies have used different variable regions for 
amplification including the V1-2 (Mohrbeck et al., 2015), V3 (Medinger et al., 2010), V4 (Balzano 
et al., 2015; Pagenkopp Lohan et al., 2015; Stoeck et al., 2010), and V9 (Pagenkopp Lohan et al., 
2015; Stoeck et al., 2010; Vargas et al., 2015) regions, with the V4 and V9 regions often being 
used together (e.g., (Pagenkopp Lohan et al., 2015; Stoeck et al., 2010)). A number of recent 
studies have compared variable regions along the entire 18S rRNA gene for all eukaryotes 
(Hadziavdic et al., 2014; Hugerth et al., 2014) and eukaryotic plankton (Tanabe et al., 2015) and 
highlighted conserved regions that may be best suited for amplifying hypervariable regions. These 
studies identified primer combinations using in silico sequence database coverage and taxonomic 
resolution and confirmed their feasibility with environmental surveys. However, many of the 
regions identified by these studies are too long (>500 nt) to allow for overlaps between the forward 
and reverse reads when using the Illumina MiSeq platform  (250-300 nt single read length resulting 
in ~450-500 nt-long combined reads with 50-150 bp overlap). 
 Additionally, a critical challenge that must be addressed is the quantification of error 
associated with gene-based amplification (i.e., PCR bias) of these primer sets. There are several 
well-documented problems associated with the amplicon sequencing approach: (i) sequencing 
errors and chimeras formed during DNA amplification (Kunin et al., 2010); (ii) primer coverage 
may not capture the desired microbial diversity (Hong et al., 2009); (iii) differential amplification 
efficiencies among the target gene may skew OTU relative abundance (Polz and Cavanaugh, 1998; 
Suzuki and Giovannoni, 1996); and (iv) gene copy number variation may affect interpretations 
based on OTU relative abundance (Huse et al., 2010; Quince et al., 2009; Reeder and Knight, 
2010). The first issue has been the target of much research, particularly with respect to 16S rRNA 
gene sequencing (e.g., (Huse et al., 2010; Quince et al., 2009; Reeder and Knight, 2010)), while 
previous research examining the coverage of 18S rRNA hypervariable regions (e.g., (Hadziavdic 
et al., 2014; Hugerth et al., 2014; Tanabe et al., 2015)) provides insight into the second. Although 
PCR bias has been studied using 16S rRNA genes (e.g., (Pinto and Raskin, 2012; Zhou et al., 
2011)), the effect that it has on interpreting community structure has not been robustly addressed 
for the 18S rRNA gene.  
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This study seeks to address the effect of primer selection and resultant PCR/sequencing 
bias on evaluating eukaryotic microalgae (i.e., microalgae or phytoplankton) using 18S rRNA gene 
sequencing. In addition to identifying bias, we offer a redesigned primer set that solves problems 
associated with commonly used primers and more accurately represents microalgal communities 
in terms of coverage and relative abundance. Specifically, PCR/sequencing bias was examined by: 
 (1) Sequencing seven microalgal mock communities with different relative abundance constructs 
using 18S rRNA primers targeting the V4 and V8-V9 hypervariable regions, 
(2) Examining the variation in detected community structure as compared to the theoretical 
community structure by each primer set, 
(3) Quantifying the error in OTU mean relative abundance and its effect on alpha- and beta-
diversity measurements, 
(4) Correlating the error in mean relative abundance to specific biases related to the PCR 
amplification process, and 
(5) Testing improved primers on environmental samples for validation.  
 
In particular, we find that a commonly used V4 primer has critical shortcomings when applied to 
our mock community due to nucleotide mismatches on the 3’ end. The redesigned primer more 
accurately captures community structure and represents freshwater species with high accuracy, 
while the V8-V9 region offers good representation of all freshwater and marine species tested in 
this study.  
 
3.4 Materials and Methods  
 
3.4.1 Primer design and evaluation 
 
Primers were chosen by first examining the 18S rRNA gene through in silico testing. Database 
sequences for all eukaryotes were obtained from the SILVA database v119 (www.arb-silva.de, 
curated by mothur (Schloss et al., 2009)) and trimmed to the S. cerevisiae reference sequence 
(accession #Z75578.1) using pcr.seqs in mothur v.1.34.0 (Schloss et al., 2009). Shannon entropy 
was calculated per alignment position for all sequences (Shannon, 1948) using the method of 
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Shannon et al. and the equation: E = -å p(xj) log2 (p(xj)) for each of the nucleotides present at a 
given location, where p(xj) was the frequency of the nucleotide xj at that alignment position (j). 
Following Shannon entropy calculations, conserved regions with alignment positions containing 
less than 0.2 entropy were identified (Figure 3.1A). 
 
Conserved regions were targeted as possible primer locations (Hadziavdic et al., 2014; 
Hugerth et al., 2014; Stoeck et al., 2010) and combinations of conserved/variable regions (i.e., 
possible amplicons) were plotted against Shannon entropy (Figure 3.1B) in order to determine 
areas that had the highest entropy and amplicon length suitable for sequencing on the Illumina 
MiSeq platform. Conserved regions were then checked against general eukaryotic primers from 
literature (Table 3.1) and examined for their suitability in amplifying the 18S rRNA gene. Priority 
was given to regions with high entropy and lengths compatible with current Illumina MiSeq 
sequencing (250-300 base pairs) to allow for maximal read overlap, and a primer set was selected 
from each the V4 and V8-V9 region using established primers from the literature ((Stoeck et al., 
Figure 3.1 (A) Shannon entropy along the 18S rRNA gene alignment numbered according to corresponding 
positions in the 18S rRNA gene of Saccharomyces cerevisiae and (B) Shannon entropy compared to amplicon 
length with varying primer combinations. Dashed lines in (B) indicate the overlap achievable with Illumina MiSeq 
v2 chemistry; diamonds indicate the primer sets selected for this study from the V4 (blue; alternative V4 primer 
sets are indicated by colored circles) and V8-V9 (red) hypervariable regions; the location of the selected set along 
the 18S rRNA gene is indicated by the dashed lines in (A). The V4 region has the highest entropy within the 
overlap capabilities of the v2 chemistry, followed by the V8-V9 region. Although multiple primer sets are possible 
using the V4 region, we selected a set that has been used in previous studies. *The V6 region is not highly variable and 
often not included in discussion of the 18S hypervariable region. 
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2010) and (Amaral-Zettler et al., 2009; Hadziavdic et al., 2014), respectively) that have been used 
for numerous studies (Carney et al., 2014; Logares et al., 2012; Tanabe et al., 2015; Vargas et al., 
2015). Although the V9 region (average 130 bp (Amaral-Zettler et al., 2009)) has typically been 
sequenced alone (Amaral-Zettler et al., 2009; Vargas et al., 2015), the V8 region was included to 
leverage the longer read capabilities that were not achievable with early high-throughput 
sequencing approaches (Amaral-Zettler et al., 2009). Selected primers were evaluated for general 
eukaryotic and algal specific coverage using SILVA’s TestPrime tool ((Klindworth et al., 2013); 
Figure A.2). 
Full-length primers containing the adapters for Illumina MiSeq sequencing were 
constructed according to the dual-index method of Kozich et al. (Kozich et al., 2013a). Briefly, 
each forward and reverse primer consists of a 24-29 nucleotide-long Illumina MiSeq adapter to 
attach the DNA sequence to the MiSeq flow cell. The adapter is followed by an 8 nucleotide 
indexing sequence, a pad/linker sequence of 12 nucleotides to increase the overall melting 
temperature, and the 18S rRNA gene-specific primer. The presence of an indexing sequence on 
both the forward and reverse primer allows the multiplexed sequencing of a large number of 
samples with relatively few primers as compared to traditional single-indexing methods that 
contain only one index on the forward or reverse primer (Caporaso et al., 2012). Based on initial 
sequencing results (Figure A.3 and A.4), heterogeneity spacers ranging from 0 to 7 nucleotides, 
were inserted between the indexing sequence and pad/linker region to phase the sequencing of 
conserved regions between samples and maximize “sequencing entropy” per cycle, similar to the 
method of Fadrosh et al. (Fadrosh et al., 2014). This phasing approach allows for better cluster 
delineation during the Illumina sequencing process, which may be particularly critical for low 
diversity samples (Illumina, 2013).  Figure 3.2 shows the entropy per alignment position of the V4 









Figure 3.2. Shannon entropy per alignment position without (empty symbols) and with heterogeneity 
spacers (filled) for V4 and V8-V9 as estimated using algal sequences extracted from the Silva 119 
database; blue (V4), red (V8-V9), A/B/E/F (forward read), C/D/G/H (reverse read). Nucleotide 
diversity (as represented by Shannon entropy) is close to zero for the conserved primer regions and the 
reverse read of the V4 primer set (C) exhibits scattered entropy across the alignment. The addition of 
nucleotide spacers increases total entropy across the alignment for all primers. 
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3.4.2 DNA collection and extraction 
 
Axenic cultures for mock communities were obtained from the Culture Collection of Algae and 
Protozoa (CCAP; Oban, UK; Table A.1), the University of Texas Culture Collection of Algae 
(UTEX; Austin, TX; Table A.1), and the National Center for Marine Algae and Microbiota 
(NCMA; Table A.1). Environmental samples for experimental validation were collected from 
freshwater, coastal, and wastewater sources from locations across the United States (Table A.2). 
DNA extracted for all samples was extracted using a FastDNATM SPIN extraction kit for soil (MP 
Biomedicals; Santa Ana, CA) and stored at -20°C until further processing. 
 
3.4.3 Mock community construction   
 
Mock communities of variable mean relative abundance were constructed from 12 algal species 
across 5 major divisions of eukaryotic microalgae of interest to the wastewater and biofuel field 
(Thalassiora pseudonana, Chlorella vulgaris, Scenedesmus obliquus, Trebouxia sp., Cryptomonas 
pyrenoidifera, Rhodomonas sp., Heterocapsa niei, Symbiodinium microadriaticum, Prymnesium 
parvum, Isochrysis galbana, Ochromonas sp., and Nannochloropsis oculata; full details in Table 
A.1). Full-length 18S rRNA gene sequences were amplified via PCR with a KAPA HiFi HotStart 
PCR kit (KAPA Biosystems, Wilmington, MA) consisting of 1x KAPA HiFi buffer, 0.3 mM dNTP 
mix, 0.3 µM forward/reverse primer, 1 U HiFi HotStart DNA polymerase, and the addition of 10 
ng template DNA per 50 µL reaction with universal eukaryotic primers (Medlin et al., 1988) EukA 
(5’-AACCTGGTTGATCCTGCCAGT-3’) and EukB (5’-TGATCCTTCTGCAGG-
TTCACCTAC-3’) using standard desalted primers (Integrated DNA Technologies, Coralville, 
IA). PCR thermocycling conditions were as follows: 95°C for 10 min, 25 cycles of 95°C for 1 min, 
65°C for 1.5 min, and 72°C for 2 min, with a final extension at 72°C for 10 min. The resultant 
PCR product was processed using gel electrophoresis, band extraction, and purification with a 
QIAquick gel purification kit (Qiagen, Valencia, CA) before being cloned via a TOPO TA clone 
kit (Invitrogen, Carlsbad, CA) with pCR 4-TOPO TA vector according to manufacturers protocols. 
The cloned PCR products were sequenced using Sanger sequencing and cloned plasmid primers 
M13For-20, M13Rev-21 (Invitrogen), and 563f (Hugerth et al., 2014). Individual Sanger reads 
were merged to obtain the full-length sequence and species identification was confirmed using 
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BLAST (Altschul, 1990). Full-length 18S rRNA gene sequences are accessible from the National 
Center for Biotechnology Information’s (NCBI’s) GenBank (accession numbers KU900218-
KU900229). The 12 species were categorized as either “freshwater” or “marine” based on their 
isolation source and mixed in equimolar amounts to create two groups of 6 species each. Species 
included in the “marine” mock community contain microalgae found in both open ocean and 
coastal environments. Seven mock communities (MC1-7) were created by combining the plasmid-
cloned 18S rRNA gene sequences from each species in different freshwater:marine ratios (Figure 
3.3). The use of plasmid-cloned 18S rRNA gene sequences allowed for the addition of equal 
amounts of template to avoid variable gene copy numbers in the genomic DNA extracts from each 
organism. 
 
3.4.4 DNA amplification and sequencing 
 
PCR was performed on all mock community and environmental samples in triplicate using HPLC 
purified dual-index barcoded primers (Eurofins MWG Operon, Huntsville, AL; see supplementary 
information for sequence of primer and indexing barcodes (Table A.4 and A.5). PCR was 
performed using the KAPA HiFi HotStart PCR kit (same concentrations as previously listed) using 
previously suggested thermocycling conditions for each hypervariable region. Specifically, for the 
V4  region (amended from Stoeck et al. (Stoeck et al., 2010)) – 95°C for 5 min, 10 cycles of 94°C 
for 30 s, 57°C for 45 s, and 72°C for 1 min, 15 cycles of 94°C for 30 s, 47°C for 45 s, and 72°C 
Figure 3.3. Composition of the seven mock communities, ranging from freshwater (MC1) to marine 
(MC7) only. Ratios show the theoretical freshwater:marine composition of each community based on 
the number of 18S rRNA gene copies present. 
22 
 
for 1 min, with a final  extension at 72°C for 10 min. For the V8-V9 region – 95°C for 3 min, 
followed by 25 cycles of 98°C for 20 s, 65°C for 15 s, and 72°C for 15 s,  with a final  extension 
at 72°C for 10 min. A negative PCR control with no template DNA was included for each primer 
set. Gel electrophoresis was performed on all amplicons to confirm amplicon size and quality 
before extraction and purification with a QIAquick gel purification kit (Qiagen). The DNA 
concentration of each sample amplicon library was checked with a Qubit 2.0 (Invitrogen) in 
triplicate, followed by pooling of individual amplicon libraries in equimolar proportions.  
  Initial sequencing runs were performed by the Roy J. Carver Biotechnology Center at the 
University of Illinois at Urbana-Champaign (UIUC) and the Centre for Genomic Research at the 
University of Liverpool using Illumina MiSeq (Illumina, San Diego, CA) sequencing with v3 
chemistry and 2x300 paired-end reads (sequencing runs 1 and 2, respectively). A subsequent run 
was performed by the Roy J. Carver Biotechnology Center at UIUC using the Illumina MiSeq with 
v2 chemistry and 2x250 paired-end reads (run 3). The read2 primer consisting of a pad/linker 
sequence + V4 reverse primer was created using HPLC purified locked nucleic acids (LNATM, 
Exiqon A/S, Copenhagen, DK) in order to increase its melting temperature above that of the 65°C 
MiSeq cycling temperature to ensure nucleotide incorporation during sequencing. All other 
sequencing primers had melting temperatures above 65°C and were HPLC purified oligos 
(Eurofins MWG Operon).  
  Sequencing data used for analysis in this study is available through the NCBI’s Sequencing 
Read Archive (SRA; accession number SRP071862) and corresponding sample descriptions are 
accessible through Bioproject PRJNA314977.  
 
3.4.5 Data analysis 
 
Raw sequences were demultiplexed using bcl2fastq v1.8.4 Conversion Software (Illumina) before 
processing using Casava 1.8 (Illumina) and quality filtering using Sickle (Joshi and Fass, 2011) to 
remove all bases with a phred score of less than 20 and to implement a minimum read overlap by 
specifying sequence read length. Sequences were then processed using mothur v1.34.0 following 
the method of Kozich et al. (Kozich et al., 2013a) (MiSeq SOP at 
http://www.mothur.org/wiki/MiSeq_SOP accessed March 2014) and the default setting for all 
processing commands. After contig formation, reads with ambiguous base calls were removed and 
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sequences trimmed to less than 400 and 350 bp using screen.seqs for the V4 and V8-V9 amplicons, 
respectively. Reads were aligned to SILVA’s v119 NR alignment (provided by mothur), alignment 
was trimmed using vertical=T and trump=. options, and chimeras detected in the trimmed 
alignment using UChime (Edgar et al., 2011) and subsequently removed. Singletons were removed 
and remaining reads were used for all further analyses, including OTU clustering at varying 
sequence similarity cutoffs (see Results and Discussion section). Sequencing error was determined 
as the average percent difference between each mock community sequencing read and its reference 
Sanger sequence using seq.error. The consensus taxonomy of OTUs was performed using the 
SILVA v119 taxonomy information provided by mothur. Alpha-diversity (observed OTUs, Chao1 
index, inverse Simpson index, and non-parametric Shannon index) and beta-diversity (Jaccard and 
Bray-Curtis distances) metrics for the mock communities were calculated using the 
summary.single and summary.shared commands with 1000 iterative subsampling efforts to the 
sample with the largest number of sequences that still allowed for replicate samples from each 
group (n=5489). Alpha diversity metrics for the environmental samples were also calculated using 
summary.single and 1000 iterative subsampling efforts to the largest number of sequences that still 
allowed for replicate samples from each group  (n=9884). In order to directly compare the V4 and 
V8-V9 sample, samples were binned into phylotypes using the phylogeny command and beta 
diversity metrics calculated using dist.shared on a combined shared file. Scripts for processing 
these data in mothur have been uploaded to Figshare and accessible under DOI 
https://dx.doi.org/10.6084/m9.figshare.3405577.v1. 
 
3.5 Results and Discussion  
 
3.5.1  Failed sequencing runs 
 
Despite the fact that the V4 primer set selected has been adapted to both Roche’s 454 (Stoeck et 
al., 2010; Tanabe et al., 2015) and Illumina’s MiSeq (Carney et al., 2014), an initial sequencing 
run (Illumina MiSeq, 2x300 paired-end reads) using the V4 primer set was unsuccessful due to a 
failure of the read2 and index1 primers (consisting of pad/linker + V4 reverse primer) which 
primes the reverse read and the indexing barcode associated with it for sequence identification. 
The read2/index primer was stripped off during the MiSeq’s cycle chemistry because of a lower 
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melting temperature (59.7-62.5°C) than the temperature at which nucleotides are incorporated 
during Illumina MiSeq sequencing (65°C). This resulted in no sequencing of the reverse strand or 
the reverse index (Figure A.3). Although forward reads were obtained, they could not be assigned 
to samples because of the dual-indexing approach used.  
  Runs 2 and 3 utilized read2/index primers incorporating LNATM to increase primer-melting 
temperature to 70°C. The second sequencing run experienced two additional problems with the 
V4 primer set: (1) low-quality reads resulting from poor cluster delineation caused by low-
diversity environmental samples and (2) significant loss of microalgal coverage due to nucleotide 
mismatches on the 3’ end of the reverse primer. Microalgal organisms, particularly those present 
in wastewater treatment, are under highly selective pressures and consequently, are often 
dominated by a few select organisms (Park et al., 2011). Environmental samples selected for 
sequencing had highly similar nucleotide patterns, especially during the first ~50 bp (Figure A.4B) 
Low-diversity of nucleotides during the first 11 cycles is known to cause quality issues in the 
MiSeq because it uses these cycles to identify clusters and perform matrix calculations (Illumina, 
2013). The addition of PhiX to a sequencing run provides a control and generally improves 
nucleotide diversity – however, the reverse read during sequencing run 2 still suffered poor quality 
despite the addition of PhiX (Figure A.4A). A number of studies (e.g., (Fadrosh et al., 2014; 
Lundberg et al., 2013; Wu et al., 2015)) have proposed the use of variable-length nucleotide 
spacers to improve overall entropy and read quality of the sequencing library. An approach similar 
to Fadrosh et al. (Fadrosh et al., 2014), whereby nucleotide spacers of different lengths were added 
to the indexing barcode, was used for run 3 and significantly improved the read quality of this 
sequencing run. 
  Additionally, the V4 primer set substantially altered the abundance representation of mock 
community members. Some species such as Rhodomonas sp. were overrepresented by 
approximately 4-5x, while others were underrepresented by as much as two orders of magnitude 
(Figure A.6). Two of the twelve members, Prymnesium parvum and Isochrysis galbana, were not 
detected at all. These errors in mean relative abundance were directly attributable to sequence read 
length and quality caused by nucleotide mismatches with the V4 reverse primer on the 3’ end. 
Meaningfully, the V4 reverse primer contained a degeneracy in the third nucleotide position, and 
was made to match both 5’-TTG and 5’-TTA template sequences. Interestingly, full-length reads 
(380 bp), were only obtained for sequences containing the TTG motif at the priming location. 
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Sequences with TTA corresponded to shortened reads (~260 bp) and the underrepresentation of 
community members. The two species that were not represented had a complete mismatch on the 
3’ end (CTG) and the shortest reads (<100 bp). The exact relationship between primer mismatches 
and resultant short amplicons will require further investigation.  While it is known that primer 
mismatches disproportionately affect amplification efficiency when located near the 3’ end (Bru 
et al., 2008; Stadhouders et al., 2010), these data suggests that primers should be designed without 
degeneracies near the 3’ end as well. Differences in annealing temperature and specificity between 
G/C and A/T nucleotides may have resulted in the higher amplification of the TTG priming 
location (Tm = 46.9°C) over TTA (Tm = 44.2°C) given the previously recommended thermocycling 
condition used for PCR amplification in this study (minimum annealing temperature = 47°C). This 
discrepancy, along with the lack of coverage (which has been previously noted, e.g., (Balzano et 
al., 2015)) of the haptophytes Prymnesium parvum and Isochrysis galbana represent a critical 
shortcoming of the V4 primer set as used in literature. Consequently, this study used a “modified” 
V4 reverse primer (Table 3.1, “V4r”) without degeneracies on the 3’ end for the subsequent 
sequencing run. 
Table 3.1. Primers evaluated for 18S rRNA based amplicon sequencing on the Illumina MiSeq platform. 
a Primers initially selected for evaluation. 
b Primers selected for final sequencing run and recommended by this study. 
 
 





550r 550 V4 GGRCMAGBCTGGTGCCAG (Hugerth et 
al., 2014)  
563f 563 V4 GCCAGCAVCYGCGGTAAY (Hugerth et 
al., 2014) 
574f 574 V4 CGGTAAYTCCAGCTCYAV (Hugerth et 
al., 2014) 
Reuk454FWD1 565 V4 CCAGCASCYGCGGTAATTCC (Stoeck et 
al., 2010)a, b 
ReukREV3 981 V4 ACTTTCGTTCTTGATYRA (Stoeck et 
al., 2010)a 
V4r 981 V4 ACTTTCGTTCTTGAT This studyb 
1132r 1150 V4-V5 CCGTCAATTHCTTYAART (Hugerth et 
al., 2014) 
V8f 1422 V8 ATAACAGGTCTGTGATGCCCT This studyb 
1422f 1422 V8 ATAACAGGTCTGTGATGC (Hadziavdic 
et al., 2014) 
1424f 1424 V8 AACAGGTCHGWRATGCCC (Hugerth et 
al., 2014) 
1510r 1797 V9 CCTTCYGCAGGTTCACCTAC (Amaral-




3.5.2  Effect of read overlap and clustering similarities on sequence accuracy 
 
 Length of forward and reverse reads (and hence, read overlap) and clustering similarity affect the 
number of observed OTUs. It is common to use a similarity cutoff of 3 or 5% (Konstantinidis et 
al., 2006) to nominally express OTUs as taxonomic groupings at the species level, but it has been 
shown that a single threshold cannot be set to operationally define a clustering threshold and relate 
it to taxonomy (Schloss and Westcott, 2011). In order to determine the appropriate sequence 
similarity clustering cutoffs to apply to this dataset, read overlap (i.e., minimum read length 
specified during quality filtering) and clustering thresholds were varied at multiple cutoff values 
and compared to membership-based distance (i.e., Jaccard index) from the theoretical “even” mock 
community (Figure 3.4). The goal of this analysis was to select the minimum read overlap and 
clustering threshold that accurately represented the mock community while retaining the most 
reads possible and reducing sequencing noise. As read overlap and similarity cutoff increased, the 
distance from the theoretical community decreased (i.e., increased in accuracy) but the number of 
reads included in the analyses also decreased. Using a cost-benefit relationship (the number of 
reads lost to the decrease in distance from theoretical), we determined the optimal cutoff values as 
the percentage sequence similarity and read overlap at which minimal number of reads were lost 
(i.e., cost) while decreasing the Jaccard distance from theoretical (i.e., benefit) to less than 0.2. For 
the V4 region, this was determined to be a 5% cutoff with a 70 bp overlap (225 bp read length). 
For the V8-V9 region, these criteria were satisfied at a 50 bp overlap at 5%.  Although this 
similarity cutoff is higher than is often used (e.g., 3%), this analysis showed that a 5% threshold 
captured all mock community members with no loss of accuracy. By selecting a 5% cutoff, 
sequencing noise was masked and spurious OTUs were reduced.  
  Examining the effect of read length and similarity cutoffs on community accuracy in this 
way also aided in identifying potential issues within the processed reads – local minimums (e.g., 
Figure 3.4A, read overlap = 70 bp, sequence similarity = 3%) indicate regions where increasing 
the read overlap requirement actually increases the distance from theoretical, which might result 
from merging of paired-end reads that meet defined base quality metrics but are still sequencing 
errors. These points suggest that for those samples, read errors are making it through the quality 
filtering steps, and because the total number of sequences decreases with quality filtering, the effect 
of these sequencing errors is amplified. For example, increasing the read overlap from 70 to 80 bp 
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for the even mock community (replicate 1 of 3, Figure A.7) resulted in 5 extraneous sequences 




3.5.3 Sequencing error  
 
The V4 and V8-V9 primer sets show consistently low sequencing error (i.e., the percent different 
between mock community sequence reads as compared to their known Sanger sequences; Figure 
3.5; average 0.01% for processed sequences). Although there is limited data on acceptable error 
rates, Schloss et al. (Schloss et al., 2011) evaluated multiple 16S rRNA primers and saw an average 
raw error of 0.61% across all regions and replicates before quality trimming and 0.56% after basic 
data processing such as removing ambiguous bases and instituting a minimum read length. This 
error was further reduced to 0.08% after applying a sliding window quality cutoff and sequence 
Figure 3.4. Distance from the theoretical community (Jaccard dissimilarity) at varying overlaps between 
forward and reverse reads and clustering of OTUs based on sequence similarity cutoffs for the V4 (A) 
and V8-V9 (B) regions using the “even” community (MC4). The left-hand y-axis and grey line show 
the loss of reads as the minimum read overlap increases.  Increasing the read overlap decreases the 
Jaccard dissimilarity, but at the expense of loss of reads. The V4 and V8-V9 region are able to achieve 
a Jaccard dissimilarity of <0.20 at 5% clustering using a 70 and 50 bp overlap, respectively 
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trimming. By comparison, all samples for the V4 and V8-V9 regions in this study show error less 
than 0.17% with only basic processing during the contig construction phase (i.e., no sequence 
trimming using quality scores). With quality trimming, all mock community samples fell below 
the 0.08% error seen by Schloss et al, with an average error of less than 0.024%.  
      Importantly, 77.1% of all mismatches in the V4 region were attributable to the two marine 
haptophytes Prymnesium parvum and Isochrysis galbana even with the modified V4 reverse 
primer. Although overall error for the freshwater and marine communities was low, these members 
had error rates an order of magnitude higher than the overall marine community (2.82% compared 
to 0.04% for the overall community with basic processing). The haptophytes had a higher GC-
content for the V4 region than the rest of the marine community members (52% versus 44%), 
which has been shown to have a strong affect on PCR amplification (Benita et al., 2003; Polz and 
Cavanaugh, 1998; Reysenbach et al., 1992). Consistent with this effect, all mismatches occurred 
in GC-rich regions and were predominantly substitution errors. Significantly, haptophytes have 
been shown to be routinely underrepresented when in the presence of other eukaryotic DNA (Marie 
et al., 2010; Moon-van der Staay et al., 2000), and Marie et al. found that haptophytes present in 
marine samples had higher GC-content along the 18S rRNA gene than other groups present (e.g., 








Figure 3.5. The effect of quality processing on sequencing error for the V4 (blue) and V8-V9 (red) 
regions across the seven mock communities evaluated (MC1-MC7). All reads were processed in mothur 
using: (A) no base quality cutoff, (B) no base quality cutoff and singletons removed, and (C) a base 
quality cutoff at phred score of 20, read overlap of 70 bp (V4) and 50 bp (V8-V9) with singletons 
removed. Removing singletons has the greatest effect on reducing sequencing error.  
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3.5.4 Representation of mock communities  
 
In addition to the issues related to PCR priming locations and GC content of template sequence 
(Benita et al., 2003; Mamedov et al., 2008; Pinto and Raskin, 2012), PCR amplification may be 
affected by (i) DNA template concentration (Polz and Cavanaugh, 1998), (ii) relative abundance, 
(iii) thermocycling conditions (Ishii and Fukui, 2001), (iv) primer choice, and (v) non-specific 
binding that reduces PCR amplification (Reysenbach et al., 1992). After the redesign of the V4 
reverse primer, all mock community members shared exact priming sequences, and (iv) should not 
be a factor. It seems most likely that GC-content and non-specific binding had the largest effect 
on mean relative abundance of community members. 
  The mean relative abundance of 3 of the 7 mock communities (freshwater dominant, 
“even”, and marine dominant communities; MC2, MC4, and MC6, respectively) is shown in 
Figure 3.6 for the V4 and V8-V9 primer sets (see Figure A.8 for additional mock communities). 
Representation by the V8-V9 set outperforms that of the V4 set for all communities, with average 
mean relative abundances of 1.13 ± 0.32 and 1.61 ± 0.33 fold underrepresented per detected mock 
community member as compared to the theoretical relative abundances for the V8-V9 and V4 
amplicons, respectively. Although the V4 region captures freshwater species relatively well (0.28 
± 0.10 fold underrepresented from theoretical), it fails to adequately represent marine species (2.65 
± 0.33 fold underrepresented from theoretical), often underrepresenting the haptophyte members 
by as much as 3 orders of magnitude. Coupled with the higher sequencing error of the haptophytes, 
it is clear that the V4 region does not adequately capture the community structure of the marine 
mock community and will not accurately represent samples that contain these members. 
Unfortunately, haptophytes are of major importance to marine communities due to their 
contribution to open ocean biomass and production (Moon-van der Staay et al., 2000), and it is 
these studies that most often leverage eukaryotic sequencing (e.g., (Duret et al., 2015; Logares et 




  Recent studies have highlighted the suitability of the V4 region for amplicon sequencing 
(Hadziavdic et al., 2014; Hugerth et al., 2014), but these studies promote primer locations that 
include both the V4 and V5 regions (>500 bp long), which is longer than the Illumina MiSeq can 
currently sequence with paired-end reads (~450-500 bp) with appropriate read overlap. Until 
longer reads are possible (and potentially even after), the V8-V9 region provides more accurate 
OTU relative abundances across all mock communities tested in this study. The V4 primer did 
Figure 3.6. Freshwater dominant, even, and marine dominant communities (MC2, MC4, and MC6) as 
represented by the V4 (blue) and V8-V9 (red) regions. The dashed lines indicate the mean relative 
abundance of the theoretical community. The V4 primer set consistently underrepresented the marine 
haptophyte members M10 and M11. Although the V8-V9 primer set struggled to represent members 
when in low abundance, it more accurately represented the overall community structure.  
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capture both abundant and rare freshwater taxa, while the V8-V9 struggled with species (either 
freshwater or marine) that were at a low abundance. However, this is most likely an artifact of the 
amplification method used (i.e., concentrations of reagents, as well as the PCR cycle design), and 
there are multiple steps that can be taken to improve representation at low-abundance. These 
include increasing primer and dNTP concentration to allow for increased amplification of rare 
sequences, and the reduction of PCR cycles to minimize the over-representation of high abundance 
sequences. Additionally, because most wastewater algal communities are under high selective 
pressures and are not very diverse, the V8-V9 primer set will reliably capture dominant organisms, 
while V4 may miss a dominant organism. 
  To further examine the performance of the V4 and V8-V9 regions, four alpha-diversity 
metrics were calculated: richness-based metrics, observed OTUs (SOBS) and Chao1 (RCHAO) 
estimator, which estimates the unsampled richness, and structure-based metrics, non-parametric 
Shannon index (DNPSHANNON) and inverse Simpson index (DINVSIMPSON), which measures sample 
diversity assuming no underlying distribution and an even distribution, respectively. The V4 and 
V8-V9 regions show similar trends (p-value = 0.82 and 0.46, [Welch’s t-test]), with average SOBS 
and DNPSHANNON values (Figure 3.7A and 3.7B) within 23% and 20% of the theoretical, 
respectively. Beta-diversity measurements, including the richness-based Jaccard (DJACCARD) and 
structure-based Bray-Curtis (DBRAYCURTIS) distances were also calculated. When comparing the 
sequenced mock community distance from theoretical, the V8-V9 region more accurately 
represents the theoretical community in 5 of 7 and 6 of 7 mock communities using Jaccard and 
Bray-Curtis metrics, respectively. (Figure 3.7C and 3.7D). Exceptions to this are DJACCARD for 
MC2 and MC6 due to some of the rare taxa not being detected. If low abundance members were 
efficiently detected by incorporating the approaches discussed previously, it is likely that the 
DJACCARD  from the theoretical community would also be smaller than that of the V4 region for 




3.5.5 Application to environmental samples 
 
Community composition at a taxonomic rank of three in mothur (corresponding to class level; 
Figure 3.8) and genus level (Figure A.9) show similar microbial populations for each sample as 
represented by either the V4 or V8-V9 region. Both the V4 and V8-V9 regions were able to 
differentiate between freshwater, coastal, and wastewater samples collected using Jaccard and 
Bray-Curtis metrics (AMOVA, p<0.001, Table A.6 and Figure A.10). Furthermore, they were able 
to discriminate between communities within the wastewater treatment process, including primary 
clarification, secondary treatment, and secondary clarification (AMOVA, p<0.005, Figure A.10). 
Figure 3.7. (A) Observed OTUs, (B) non-parametric Shannon index, (C) Jaccard distance from 
theoretical, and (D) Bray-Curtis distance from theoretical. The V4 (blue) and V8-V9 (red) regions show 
similar alpha diversity metrics in (A) and (B) (p-value = 0.82 and 0.46, [Welch’s t-test], respectively; 
grey dashes indicate theoretical values), but the V8-V9 region more closely represents the theoretical 
community using beta diversity metrics in (C) and (D).   
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In general, the V8-V9 region had a greater number of observed OTUs and displayed higher levels 
of microbial diversity as estimated by using alpha-diversity metrics (DNPSHANNON, Figure 3.9) as 
compared to the V4 region.  
 
 







Figure 3.8. Community composition for the V4 (top) and V8-V9 (bottom) regions at taxonomic rank = 
3 in mothur, which corresponds to the class level. Samples containing F, W, and M in their sample name 




In order to examine the representation by each region of the coastal samples more closely, 
Bray-Curtis distance between samples (e.g., 1M and 2M, 1M and 4M, etc.) were compared 
between V4 and V8-V9 data sets. Welch’s t-tests (unpaired, two-tailed with unequal variance) 
showed that there were significant differences (p<0.05) between the distances calculated among 
samples from the V4 and V8-V9 regions, with each region giving different estimates of community 
dissimilarity between any two samples and the V4 data displaying higher dissimilarities than the 
V8-V9 data in 5 of the 6 pairwise comparisons. However, when taken collectively, the V4 and V8-
Figure 3.9. (A) Observed OTUs and (B) non-parametric diversity of environmental samples by the V4 
(blue) and V8-V9 (red) regions. Wastewater samples were taken from primary effluent (PE), treatment, 
or secondary effluent (SE) streams from wastewater treatment plants. Both hypervariable regions show 
a significantly higher number of OTUs (p-value = <0.003 [Welch’s t-test]) in the freshwater and coastal 
samples compared to wastewater and similar representation of metrics across all samples.  
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V9 regions show similar trends overall, and a Mantel’s test between the V4 and V8-V9 Bray-
Curtis distance matrices showed a high degree of similarity (0.90, p<0.001). The V4 region had 
fewer OTUs for 3 of the 4 marine samples, but surprisingly, it represented organisms of the 
division Haptophyta equally as well as the V8-V9 region. Notably, the abundant genera found in 
environmental coastal samples all belonged to the class Pavlovophyceae, while the species present 
in the mock community belonged to the class Prymnesiophyceae. It is possible that the V4 region 
only struggles with representation of the latter, though additional mock community sequencing 
with members of the class Pavlovophyceae included would need to be performed.  
      In order to directly compare differences in community representation by the V4 and V8-
V9 regions, sequences were binned into phylotypes and beta-diversity metrics (Jaccard index, 
Bray-Curtis dissimilarity) were calculated. The V4 and V8-V9 region show different community 
representations of the same sample (Figure 3.10). The Bray-Curtis distance between the V4 
community representation of a sample and its V8-V9 representation varies greatly, with some 
samples showing good agreement (5W, difference of 0.12) between both regions and others 
showing high dissimilarity (10W, 0.94). Variations in the community representation by the V4 and 
V8-V9 regions do not correspond to sample type (i.e., freshwater, coastal, or wastewater), but 
rather, are sample and site specific. These results support the use of multiple primer sets as has 
been used in previous studies (e.g., (Pagenkopp Lohan et al., 2015; Stoeck et al., 2010)) in order 
to provide a more complete picture of community representation. 
      Despite differences in community representation by each hypervariable region (as 
measured through Bray-Curtis distance), the three datasets cluster according to their sample types 
irrespective of the hypervariable region targeted (Figure A.11). Furthermore, although samples 
can be differentiated according to sample type (e.g., freshwater or wastewater; AMOVA, 
p<0.001), there is no significant difference between the V4 samples and V8-V9 samples within 








In this study, we examined the effect of PCR/sequencing bias on the representation of seven mock 
communities by targeting the V4 and V8-V9 hypervariable regions of the 18S rRNA gene. By 
doing so, we discovered that a previously used primer set missed a major taxonomic group of 
interest to marine studies. This study highlights the need for mock communities to validate the 
representation of species by amplicon sequencing – in silico testing can help identify sequence 
coverage and nucleotide mismatches, but experimental validation with mock communities 
provides critical insight into the amplification, sequencing, and representation of target regions. 
Specifically, this study found that nucleotide degeneracies on the primer 3’ end impacted read 
length and mean relative abundance of mock communities due to differential amplification of 
templates containing G or A in the degenerate position for V4 primers proposed in literature.  
Furthermore, the PCR/sequencing error is markedly higher for GC-rich members (2.82% 
compared to an average 0.04% for mock community four). Importantly, the V4 region failed to 
reliably capture two of the twelve mock community members included in this study. The V8-V9 
Figure 3.10. Bray-Curtis distance between the V4 and V8-V9 representation of the same sample 
community using a phylotype-based approach. Community representation by the V4 and V8-V9 regions 
varies in agreement on a sample by sample basis, rather than across sample types (i.e., freshwater, 
coastal, or wastewater). 
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region more accurately represents mean relative abundance and alpha- and beta-diversity, with the 
greatest improvement in structure-based metrics such as Bray-Curtis distance from theoretical. 
Given the additional uncertainty of gene copy number across eukaryotic species, 
representation of even closely related organisms (such as phytoplankton) by amplicon sequencing 
has a high degree of ambiguity. Complementary approaches such as applying diversity metrics 
only to similarly sized microalgae (Vargas et al., 2015) or sequencing cell-sorted populations 
(Marie et al., 2010) could greatly improve the accuracy of diversity metrics and mean relative 
abundance. In the case of Marie et al., the use of cell-sorting allowed for the sequencing of 
abundant phytoplankton (e.g., Haptophyta) that were previously undetected due to the profusion 
of larger organisms (Marie et al., 2010). The effect of PCR bias, however, skews diversity 
estimates even when gene copy number is kept the same. Based on these results, we recommend 
that studies that apply amplicon sequencing to environmental samples implement the following: 
(1) Use mock communities composed of target species to estimate community representation 
and PCR/sequencing error by the chosen primer set, 
(2) Limit degenerate locations in primer sequences and eliminate degeneracies in positions 
near the 3’ end, and 
(3) Estimate alpha- and beta-diversity metrics through structure-based methods that provide 
more reliable approximations of community diversity. 
In the current study, redesign of the primer containing a degeneracy on the 3’ end increased the 
representation of the marine members and improved mock community representation overall.  
Ultimately, the V8-V9 region provided the highest accuracy of the selected mock community as 
measured through mean relative abundance and beta-diversity measurements (DJACCARD and 
DBRAYCURTIS). Given these data, we suggest that studies using 18S rRNA gene amplicon 
sequencing for microalgal communities  (and marine studies in particular) target the V8-V9 
hypervariable region when considering species included in this study. However, the V4 and V8-
V9 region showed similar overall representation of environmental samples, and tradeoffs between 
hypervariable regions may warrant the use of multiple primer sets to better capture community 
diversity.  
The work in this chapter is to be submitted to Water Research as: Bradley, I.M., Rivera M.S., Pinto, A.J., Guest, J.S. Nutrient and 








NUTRIENT AND COMMUNITY STRUCTURE DYNAMICS OF ALGAL-BACTERIAL 
WASTEWATER TREATMENT SYSTEMS 
 
4.1 Introduction  
 
Faced with increased nutrient loading to the earth’s waterways (Conley et al., 2009; Hans W. Paerl 
et al., 2004), decreased resilience of ecosystems (Mori et al., 2013; Waycott et al., 2009), and 
variability in renewable freshwater sources due to climate change (Kundzewicz et al., 2008; Oki 
and Kanae, 2006), water resource recovery facilities (WRRFs, a.k.a wastewater treatment plants 
[WWTPs]) are under increasing pressure to the reduce their discharge of nutrients to the aquatic 
environment. As a result, nutrient (nitrogen, N; phosphorus, P) regulations are becomingly 
increasingly common and increasingly stringent (Clark et al., 2010), with limits in the range of 10-
15 mg·L-1 for TN and 0.5-1 mg·L-1 for TP (Chambers et al., 2012) being reduced to the limit of 
technology at 2-3 mg·L-1 N and 0.1-0.15 mg·L-1 P for sensitive waterways (Boelee et al., 2014). 
The cost of meeting these limits poses a serious challenge to current wastewater utilities, which 
are already facing aging infrastructure, and necessary upgrades to the U.S. water system alone is 
estimated to cost $300 billion over the next 20 years (ASCE, 2017). Given that conventional 
biological nutrient removal have met their limit-of-technology (LOT) due to recalcitrant N and P 
(i.e., organic N and P that is not readily available for biological use) and are a financial burden on 
utilities, there is unprecedented interest in transforming traditional WRRFs into resource recovery 
facilities that recover nutrients and energy, rather than consume them (Guest et al., 2009; Larsen 
et al., 2009).   
  To this end, microalgal systems have widely been identified as a promising technology that 
may enable sustainable, cost-efficient treatment of wastewater by assimilating nutrients during 
growth and by generating carbon-rich biomass that may be used for downstream fertilizer or 
bioenergy applications (Chisti, 2007; Pittman et al., 2011b; B D Shoener et al., 2014). 
Additionally, microalgae have been shown to have high maximum specific nutrient uptake rates 
and to thrive in otherwise nutrient-deplete conditions (Lehman and Scavia, 1982), as well as 
rapidly uptake organic N and P that is otherwise recalcitrant to bacteria used for conventional 
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biological nutrient removal (Bronk et al., 2006; Liu et al., 2012; Qin et al., 2015). In fact, it is this 
ability to assimilate organic N and P that evades removal by traditional engineered systems that 
may help to reduce the current LOT below 3 mg N·L-1 and 0.1 mg P·L-1 (Bott and Parker, US EPA 
2015) and to enable treatment plants to meet ambitious effluent quality standards.  
  The ability of microalgae to generate oxygen for heterotrophic bacteria, to grow both 
heterotrophically and autotrophically, and to utilize a wide range of N and P sources make 
microalgae suitable for a range of treatment systems from primary to tertiary treatment.  The use 
of microalgae in wastewater treatment is prevalent worldwide (Mara, 2013; USEPA, 2006) and 
has been traditionally used in lagoons to provide oxygen (Tchobanoglous et al., 2014) for aerobic, 
heterotrophic bacteria for biochemical oxygen demand (BOD) removal. Recently, however, there 
have been advancements in a range of technologies, from high-rate algal ponds (HRAPs)  (García 
et al., 2006; Park et al., 2011; Park and Craggs, 2010) to intensive (i.e., small-footprint) 
photobioreactors (PBRs) (Arbib et al., 2013; Viruela et al., 2016) that are being applied to primary 
treatment of BOD (Park and Craggs, 2010), tertiary treatment targeting phosphorus, ammonia, and 
nitrate polishing (Silva-Benavides and Torzillo, 2011; Sturm and Lamer, 2011; Whitton et al., 
2016), and nutrient removal of concentrated side streams such as those that come from anaerobic 
digestion (e.g., centrate) (Uggetti et al., 2014). As the field moves beyond proof-of-concept 
applications and seek to engineer systems that experience reliable and predictive behavior, there 
is a critical need to understand how design and operational decisions influence nutrient and carbon 
dynamics in mixed phototrophic communities used for wastewater management. System 
characteristics such as hydraulic retention time (HRT) and solids residence time (SRT) impose 
pressures on the microbial community that influence community structure, community function, 
and process performance. Understanding these effects and community dynamics across a range of 
operational parameters is key to designing systems that select for a desired community function to 
reliably recover N and P.  
  It is only recently that studies have begun to investigate the fundamental drivers that control 
phototrophic treatment processes, with many prior studies focused on the effects of treatment 
(COD, N, P, heavy metals; (Godos et al., 2009; Muñoz and Guieysse, 2006)) and/or proof-of-
concept (e.g., (Arbib et al., 2013; Vasconcelos Fernandes et al., 2015)). Studies have largely 
focused on the use of HRAPs and have examined the effect of environmental and operational 
parameters such as CO2 (Sutherland et al., 2015) and mixing intensity (Sutherland et al., 2014) on 
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community composition and system performance. As an engineering control, the recycling of 
biomass has been shown to be an effective way to enrich a community and promote system 
stability, as well as enhance the settleability of biomass (Hu et al., 2017; Park et al., 2011). The 
most commonly studied parameter, however, has been hydraulic retention time (HRT) (Anbalagan 
et al., 2016; Iman Shayan et al., 2016; Takabe et al., 2016). As these HRAP systems operate with 
no HRT-SRT separation, HRT is a key operational parameter that controls nutrient loading, sludge 
age, biomass productivity, and biochemical composition, among other characteristics. However, 
it is difficult to discern causal effects or to examine underlying trends in these systems, because 
nutrient loading effects and growth rate are changed simultaneously. The effect that specific 
parameters have on system performance (i.e., nutrient removal) has been studied only rarely 
(Valigore et al., 2012; Xu et al., 2015), and it is necessary to examine the result that independent 
parameters (in particular SRT) exert on phototrophic community structure and function in mixed 
wastewater systems. Additionally, the full complexity of phototrophic wastewater systems, which 
consist of eukaryotic microalgae, phototrophic bacteria (i.e., cyanobacteria), and chemotrophic 
bacteria (both heterotrophs and autotrophs), has only just begun to be explored (e.g., (Cho et al., 
2017)). 
  The current study focuses on SRT as an easily accessible parameter that WRRF operators 
may leverage to influence system performance, an approach that has been successfully employed 
in traditional biotechnology processes such as high-rate activated sludge. The objective of this 
work is to examine the effect of SRT on nutrient recovery and microbial community structure in 
wastewater algal-bacterial systems. In particular, this study seeks to elucidate the effect of SRT on 
microalgal and bacterial community membership and abundance and the interactions which drive 
nutrient dynamics in continuously operated reactors subjected to diel lighting. To this end, we 
apply high-throughput sequencing techniques to look at the full diversity present in the treatment 
system, including bacteria and eukaryotes, and examine wastewater-fed reactors operated at three 
distinct SRTs (5, 10, and 15 days) studied over long-term operation (>6 SRTs for each variable 








4.2 Materials and Methods  
 
4.2.1 Photobioreactor (PBR) design and operation 
 
Long-term experimentation was done using flat-panel PBRs as described in detail in by Gardner-
Dale and colleagues (Gardner-Dale et al., 2017). Briefly, 4L PBRs with a thickness of 25 mm were 
operated as continuously run reactors (i.e., chemostats) and subjected to a day-night cycle of 14 
hours light and 10 hours dark (representative of summer daylight hours in Urbana, IL, USA). All 
reactors were lit from one side using red and blue light-emitting diodes (BlazeTM 12V LED; 
elemental LED) controlled via a microcontroller (Arduino Uno – R3; Sparkfun Electronics) to 
output a blue/red sinusoidal pattern that approximated normal daylight variation (Červený et al., 
2009; Nedbal et al., 2008) with a peak light intensity of 220 µE·m-2·s-1. The pH was controlled 
under 7.65 (approximately 7.5 ± 0.15) with a pH controller and solenoid valves to deliver 99% 
CO2 gas when activated, and continuous air sparging was provided at 0.1 Lair ·Lreactor·min-1 (Guest 
et al., 2013) ensure well-mixed conditions.  
 
4.2.2 Secondary effluent and simulated HRT-SRT separation  
 
Reactors were run using secondary effluent collected weekly from the local high-rate activated 
sludge WWTP (Urbana, IL, USA) and stored in the dark at 4 °C prior to and during use. In order 
to decouple the effect of HRT and SRT on system performance, the daily nutrient loading was set 
at a fixed rate across all reactors and SRTs, an approach similar to that performed by Mindl et al. 
(Mindl et al., 2005) and Gardner-Dale et al (Gardner-Dale et al., 2017). This approach allows the 
separation of loading effects (i.e., HRT) from SRT (and thus, growth rate and cell concentration) 
and allows differences in function and community structure to be attributed to SRT and growth 
rate, rather than HRT. In order to achieve consistent loading across SRTs, total nitrogen and 
orthophosphate of the secondary effluent was measured immediately after collection, and each 
SRT’s media was amended with NH4+Cl and K2HPO4 to attain a daily N and P loading of 15 mg 
N·L-1·d-1 and 3.2 mg P·L-1·d-1. Secondary effluent for each SRT was also amended with 
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micronutrients according to a modified TAP media with improved trace metals (Kropat et al., 
2011) to ensure replete conditions.  
 
 
4.2.3 Inoculum and PBR start-up period 
 
Biomass samples for inoculation of long-term cultivation experiments were collected locally 
(Urbana, IL, USA) from 4 different sources in order to capture a variety of bacterial and algal 
communities - (1) primary and (2) secondary clarifier weirs at the U-CSD WWTP, (3) an 
agricultural pilot-scale algaewheel® plant that treats swine manure, and (4) a eutrophic lake. 
Biomass from each location was strained through a 0.6 mm mesh screen to remove macroalgae 
and then mixed in equal proportions by cell count before being distributed among each of 3 parallel 
reactors. An initial acclimation period of two weeks was designed to limit the loss of species due 
to washout and to promote species diversity while transitioning the inoculum community to 
laboratory conditions through a combination of batch and continuous growth methods. PBRs were 
run in batch mode for 7 days to increase culture density and continuous light intensity was 
gradually increased from 40% to 100% peak intensity (220 µE·m-2·s-1) to allow culture 
acclimation. At the end of day 7, the three cultures were mixed and re-strained before being 
redistributed and SRT separation initiated. PBRs were operated for another 7 days with SRT 
separation and a diurnal light cycle to begin selection of distinct communities. All cultures were 
then mixed, redistributed, and long-term experimentation was initiated using the final mixed 
community. 
 
4.2.4 Long-term PBR operation and sampling 
 
Experimentation was performed in two phases. In Phase 1, reactors were inoculated and  run in 
parallel at different SRTs (5, 10, and 15 days) and at a fixed nutrient loading designed to simulate 
a 1 day HRT at a typical treatment plant (as described above in section 2.2). Each reactor was run 
for >6 SRTs until reaching a steady-state as defined by a less than 5% change over 3 days in total 
suspended solids (TSS) and volatile suspended solids (VSS). After each reactor was operating at 
steady-state, biomass was removed from each reactor, strained, mixed in equal proportions by 
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weight, and redistributed among three clean reactors before SRT separation commenced. Each 
reactor was then operated in Phase 2 for >6 SRTs until steady-state was again achieved. By 
performing a replicate run of each SRT in time-series (i.e., Phase 1, followed by Phase 2), rather 
than in parallel, the current study allowed a deeper examination of microbial community 
divergence and stability across SRTs.   
During each phase, water quality and biomass samples were taken to determine TSS/VSS 
concentration, N and P effluent concentration, and community composition (microscopy and DNA 
analysis). Samples were taken more frequently at the start of experimentation to capture system 
startup dynamics (approximately 5 samples for the first SRT, 5 samples for SRT 2-3, and 5 samples 
for SRTs 4-6, with sampling occurring once every SRT thereafter). Samples were taken one hour 
prior to the end of the light cycle when algal carbon reserves and nutrient uptake has been shown 
to be at its peak (Gardner-Dale et al., 2017) in order to obtain consistent sampling results across 
diurnal cycles. Following TSS/VSS analysis  of mixed liquor, samples were centrifuged at 10,000 
x g for ten minutes and the resulting supernatant was filtered through 0.22 um PVDF filters (EMD 
Millipore, MA, USA) before freezing at -4C° until analysis. Pelleted biomass samples for 
intracellular CHNP analysis were stored at -4C° prior to lypholization and storage with desiccant. 
To minimize the effect of sampling on reactor operation, remaining supernatant was returned to 
the reactors.  
At the end of Phase 1 and Phase 2 when steady-state had been achieved, a proportion of 
the biomass was removed from each reactor to perform kinetic experiments in order to determine 
the intrinsic capability (i.e., theoretical potential) of each community to uptake N and P. Briefly, 
the biomass was placed in identical reactors with secondary effluent and pH control, then spiked 
with 50 mg/L and 20 mg/L  of N and P, respectively. Following the nutrient addition, reactors 
were exposed to peak light conditions and operated in batch mode to determine the maximum 
specific uptake rates of N and P.  
 
4.2.5 Water quality monitoring and biochemical composition 
 
Reactor effluent was analyzed for TSS/VSS, TN, NH4+, NO3-, NO2-, and PO43-. Detailed 
descriptions and method development can be found in Gardner-Dale et al. (Gardner-Dale et al., 
2017). Briefly, TSS/VSS were measured using the standard method (Eugene W. Rice, Rodger B. 
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Baird, Andrew D. Eaton, 2012) modified to use 0.7 µm glass fiber filters (GF/F; Whatman) to 
retain microalgae. TN was measured via the Total Nitrogen Persulfate Digestion Test N’ Tube 
method (Hach, CO, USA), ammonium was measured via the standard phenate method(Eugene W. 
Rice, Rodger B. Baird, Andrew D. Eaton, 2012), anions (>1 mg/L) including nitrate, nitrite, 
phosphate, sulfate, and chloride were measured by ion chromatography (IC, ICS-2000; Dionex), 
and low-levels (<1 mg/L) of orthophosphate were measured by the standard ascorbic acid method 
(Eugene W. Rice, Rodger B. Baird, Andrew D. Eaton, 2012).  Lyophilized biomass samples were 
analyzed for carbon, hydrogen, and nitrogen and total phosphorus (CHNP; masselement·massalgae-1)  
by the Microanalysis Laboratory at the University of Illinois at Urbana-Champaign (UIUC) School 
of Chemical Sciences using a CHNS/O Elemental Analyzer (Perkin Elmer 2400 Series II) and by 
ICP-MS (Perkin Elmer SCIEX ELAN DRC-E), respectively. 
 
4.2.6 DNA extraction, amplification, and sequencing 
 
Individual samples for amplicon-based sequencing were taken from all inocula sources, after each 
acclimation period, and during long-term operation of reactors (Phase 1 and Phase 2). All samples 
were processed and sequenced in duplicate. Approximately 5 mg of biomass was collected and 
centrifuged before DNA extraction via a FastDNATM SPIN Kit for soil (MP Biomedical, CA, USA) 
and stored at -20 oC until amplification.  Individual sample DNA was amplified in triplicate via 
PCR using a KAPA Hifi Hotstart PCR kit (Kapa Biosystems, MA, USA) with primers designed 
to target the V4  and V8-V9 variable regions of the 18S rRNA gene for eukaryotes (V4 forward 
primer Reuk454FWD1: 5’–CCGCASCYGCGGTAATTCC–3’, reverse primer V4r: 5’-
ACTTTCGTTCTTGAT-3’, V8-V9 forward primer V8f: 5’-ATAACAGGTCTGTGATGCCCT–
3’, 1510r reverse primer [V4r]: 5’- CCTTCYGCAGGTTCACCTAC-3’) with thermocycling 
conditions and reagent concentrations as described previously (Bradley et al., 2016). DNA was 
separately amplified with bacteria-specific primers targeting the V1-V3 variable region of the 16S 
rRNA gene using the method of Nielsen and colleagues from the MiDAS field guide ((McIlroy et 
al., 2015) Microbial Database for Activated Sludge, Aalborg University). Briefly, the target region 
was amplified using the V1-V3 primers (V1 forward primer 27f: 5’ -  
AGAGTTTGATCCTGGCTCAG – 3’, V3 reverse primer 534R: 5’ – ATTACCGCGGCTGCTGG 
– 3’) with the thermocyling conditions listed in the MiDAS field guide, amended for the KAPA 
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Hifi Hotstart PCR kit: 95°C for 2 min, 25 cycles of 95°C for 20s, 65°C for 30s, and 72°C for 60s, 
with a final extension at 72°C for 5 min. Triplicate amplicon DNA was gel purified via gel 
electrophoresis and a QIAquick gel purification kit (Qiagen, CA, USA) before pooling. DNA 
concentration of individual amplicon libraries was checked in triplicate using a Qubit 2.0 
(Invitrogen) before final pooling of individual samples at equimolar proportions. In addition to 
environmental/experimental samples, the final 18S rRNA pooled library for each the V4 and V8-
V9 region contained 2 mock community DNA samples (consisting of DNA from 12 
wastewater/environmental algal species in equal amounts as described previously (Bradley et al., 
2016)) for quality control. Amplicon libraries were sequenced using the Illumina MiSeq (Illumina, 
CA, USA) with v3 chemistry (2x300 paired-end reads) at the Roy J. Carver Biotechnology Center 
at the University of Illinois at Urbana-Champaign. 
 
4.2.7 Sequence read processing and analysis 
 
Raw sequence data was demultiplexed using Bcl2fastq v2.17.1.14 conversion software (Illumina). 
To determine the appropriate quality and read length overlap parameters for processing the 18S 
data, an analysis was performed of the included mock community sequences (as described in 
(Bradley et al., 2016). Briefly, sequencing reads from the mock communities were processed 
iteratively using Sickle to remove all bases with a phred quality score cutoff (varied from Q20 to 
Q30) and to trim reads that did not meet a length threshold. These read length cutoffs were different 
for each region because the V4 and V8-V9 region differ in length (approximately 310 versus 380 
bp, respectively, for microalgae), with read lengths varied between 190-300 nt for the V4 region 
and 165-295 nt for the V8-V9 region (resulting in contigs with overlap of 40-220 and 20-280 bp, 
respectively). The results of this analysis can be seen in the Supporting Material  (SM; Figure B.1). 
The appropriate quality score and read length cutoff were determined to be those at which the 
processed, sequenced mock community was no more than 0.25 Bray-Curtis distance from the 
theoretical mock community. This allowed for strict quality and length cutoffs that reasonably 
approximated the theoretical mock community, while allowing more sequencing reads to be 
obtained than at stricter cutoffs. These values were determined to be a phred quality score of Q27 
and length cutoff of 270 nt for the V4 region, and Q28 and 185 nt for the V8-V9 region .  
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Following quality trimming and removal of reads below the length cutoff using Sickle, all 
further processing of sequences was performed using mothur v.1.39.5 (Kozich et al., 2013b) and 
following the best practices and default settings provided by mothur (MiSeq SOP,  accessed 
September 10, 2017, at https://www.mothur.org/wiki/MiSeq_SOP) unless otherwise specified. 
Following contig formation, sequences were trimmed and aligned to the SILVA v128 database 
files curated by mothur. 18S sequences were aligned to the full subset of eukaryotic sequences 
(SILVA v128), while 16s sequences were aligned using mothur’s recreation of the SILVA SEED 
database. Chimera detection and removal was performed using the VSEARCH algorithm (Rognes 
et al., 2016) within mothur. Sequences (eukaryotic and bacterial) were then classified to the full 
SILVA v128 database, prior to clustering into OTUs using the dist.seqs and cluster commands 
within mothur. OTU’s were clustered at 97% sequence similarity. OTUs for both 16S and 18S 
rRNA genes were classified using the classify.otus command with the SILVA v128 database files. 
Specific OTUs were examined further by generating representative sequences and taxonomy using 
the get.outrep command and by using NCBI’s BLAST (Altschul, 1990). It is worth noting that the 
most commonly occurring bacterial OTU was matched to the Cyanobacteria using the classify.otus 
command. However, upon closer inspection, this OTU best matched eukaryotic DNA from the 
chloroplast of Scenedesmus sp., and was removed prior to further analysis. Alpha/beta diversity 
measurements of samples were conducted using a subsample size of 2000. Alpha diversity metrics 
(observed OTUs, Chao1 index, inverse Simpson index, and nonparametric Shannon index) were 
calculated using the summary.shared command) and beta-diversity metrics (Jaccard and Bray-
Curtis distances) were calculated with the summary.shared command. PCoA analysis was 
performed using Bray-Curtis distance matrices on subsets of samples of interest.  
 
4.3 Results and Discussion  
 
4.3.1 Microbial community structure 
 
Long-term operation of mixed community reactors shows that distinct eukaryotic communities 
assemble across SRTs (Figure 4.1 – Eukaryotes, results show OTUs across Phase 1 using the V8-
V9 variable region), and that short SRT results in a more dynamic and diverse community while 
longer SRT promotes community stability. Although some dominant OTUs (e.g., OTU 1) were 
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shared between all reactors, there is a clear variation in diversity (i.e., community membership and 
abundance) across SRTs, with SRT 5 showing high diversity (both in terms of species richness 
and abundance), and SRT 15 being dominated by only a few OTUs. For OTU 5, the top 90% of 
mean relative abundance by rank is spread across 15 of the 20 OTUs shown (the top 10 OTUs on 
average for each SRT are shown, resulting in a total of 20 OTUs displayed; OTUs that contribute 
to the top 90% of an SRT’s mean relative abundance by rank are shaded). In total, 28 OTUs 
contribute to the top 90% of mean relative abundance for SRT 5, compared to 12 OTUs for SRT 
10 and 90% of the mean relative abundance in SRT 15 is concentrated in just 4 OTUs. 
Four alpha-diversity metrics were calculated: richness-based metrics observed OTUs 
(SOBS) and the Chao1 estimator (RCHAO) and structure-based metrics (which take into account both 
species richness and evenness) nonparametric Shannon index (DNPSHANNON) and inverse Simpson 
index (DINVSIMPSON), and confirm that increasing SRT results in a reduction of community 
diversity.  SRT 5 has ~2x the richness (SOBS = 105) and diversity (DNPSHANNON = 2.98) than that 
present at higher SRTs (SRT 10: SOBS = 40, DNPSHANNON = 1.46; SRT 15: SOBS = 46, DNPSHANNON 
= 1.65). These results are consistent with niche theory (e.g., the competitive exclusion principle 
(Hardin, 1960)) that predict that competition will eliminate species which occupy the same 
ecological function. Longer SRTs allow for more time to reach an equilibrium in which 
competitors are eliminated, while shorter HRT/SRTs experience a greater influx of invading 
species (i.e., non-established species present in the influent) that may allow for a greater number 
of species to co-exist (Tilman, 2004). Although diversity across SRTs is rarely reported in the 
literature (Chen et al., 2017) there are a few examples where longer SRTs have been shown to 
decrease the diversity present (e.g., (Hu et al., 2012; Silva et al., 2010)). In the case of Hu et al., 
the authors found that in a comparison of 16 WWTPs, the lowest microbial diversity was present 
in plants operating membrane bioreactors (MBRs), and that diversity was related to increased SRT 
and decreased food to microorganism (F/M) ratios. Similarly, Silva et al. found that MBRs 




Figure 4.1. Mean relative abundance (% of total) for the top 10 OTUs (Eukaryotes) found on average in 
each reactor. Due to overlap between the top OTUs, 20 are shown in total. The top 3 OTUs for each reactor 
are shown for (Cyanobacteria), resulting in 5 total being displayed. (Nitrifying Bacteria) display the two 
identified nitrifying bacterial species, Nitrosomonas, belonging to the ammonia-oxidizing bacteria (AOB), 
and Nitrospira, belonging to the nitrite-oxidizing bacteria (NOB). Bubble size is drawn by area corresponding 
to the mean relative abundance determined using the V8-V9 variable region (for the V4 region, see Figure 
B.1 of the SM) for eukaryotes, and the V1-V3 region for bacteria. Shaded (orange/blue/green/red) 
background identify the OTUs that contributed to the top 90% of relative abundance when ordered by rank 
abundance. Across the reactors, SRT 5 has the highest eukaryotic diversity, with 15 colored OTUs 
contributing 79.3% of the total abundance compared to 10 OTUs (88.7%) for  SRT 10, and only 4 OTUs 
(90.3%) contributing the bulk of the abundance for SRT 15. SRT 5 also has the highest percentage of 























Sequencing data (Figure 4.1) along with microscopy (SM, Figure B.5) show that SRT 5, 
operating at the fastest growth rate, is dominated by filamentous eukaryotes and cyanobacteria 
such as Pseudanabaena sp., while SRT 15 is dominated by unicellular and colonial green algae 
such as Chlamydomonas sp. and Acutodesmus sp., respectively (for full taxonomy of both Phase 
1 and Phase 2 for eukaryotes [V4 and V8-V9 variable region] and bacteria [V1-V3 variable region] 
see SM Figures B.2 through B.4). SRT 10, operating between the two, displays a mixture of 
filamentous and unicellular algae and cyanobacteria. Small, unicellular algae such as those seen in 
SRT 15 often exhibit fast growth rates and more competitive nutrient utilization than larger, more 
dense cells (Jakob O. Nalley, Maria Stockenreiter, 2014; Shurin et al., 2014), and typically 
dominate conventional microalgal systems (e.g., HRAP systems) (de Godos et al., 2014; Gutzeit 
et al., 2005; Park et al., 2011). However, filamentous microalgae and cyanobacteria, such as those 
seen in SRT 5, have been shown to maintain a strong dominance under wash-out pressure (Hu et 
al., 2017) due to their high settleability, which requires strong mixing to keep in suspension (Sigee, 
2005). Indeed, cultures present in the SRT 5 reactor displayed high settleability compared to SRT 
10 and 15. Additionally, SRT 5 showed the highest levels of attached growth in the reactor, with 
the faster growth rates selecting for community members that were more resistant to mixing and 
daily axenic scraping. It is possible some of these microalgae remained in the system longer than 
the applied SRT, but estimates of SRT based on the mass balance of influent and effluent TN 
concentrations and nutrient uptake into the biomass show that the community at SRT 5 maintained 
growth rates faster than that of SRT 10 (SM Table B.1), which in turn, had faster growth rates than 
SRT 15. It is worth noting the filamentous microalgae and cyanobacteria present in SRT 5 exhibit 
markedly different characteristics than those of filamentous bacteria often found in wastewater 
treatment processes at low F/M ratios (which can lead to bulking problems). Here, filamentous 
eukaryotes and cyanobacteria are selected at low SRT (and thus, high F/M ratios) due to a 
combination of fast growth rates, high settling efficiency, and attached growth tendencies. Species 
present in all reactors are among those commonly found in phototrophic wastewater treatment 
processes (Mark Ibekwe et al., 2017; Park et al., 2011; Roberts et al., 2013) and are likely to be 
found across locations and climates that utilize phototrophs for treatment.  
Dominant OTUs present in each reactor at steady-state show that selection under SRT-
induced growth rate pressure results in different organisms best-suited to the operational 
conditions, regardless of dominance in the inoculum. When comparing the top 10 OTUs that are 
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present in the reactors to the inocula sources, it is seen that some OTUs were commonly found in 
the inoculum (i.e., contribute to the top 90% of diversity by rank abundance, shaded orange) while 
others do not. Specifically, 9 of the 20 total OTUs that exhibit dominance in the reactors were also 
prevalent in the inocula sources which show high richness and diversity (average across all 4 
sources: SOBS = 99.25, DNPSHANNON = 2.73). Following an initial selection during reactor start-up 
period in which cultures were acclimated to laboratory conditions and lighting (t=0), selection of 
specific communities according to SRT begins to form after approximately 20 days. Rare species, 
including those that show little or no representation in the inocula sources, are present at steady-
state operation. This underscores the importance of species selection in process design and brings 
to mind the often repeated postulation by Lourens Baas Becking: “everything is everywhere, but 
the environment selects” (Baas-Becking, 1934). When applied to environmental biotechnology, 
and microalgal processes specifically, this may be taken as “there are many types of algae present”, 
and the environmental process will impose pressures that select for particular species (Mooij et al., 
2013). In this case, SRT (and thus, growth rate) select for particular communities under long-term 
experimentation. Excluding stochastic events such as species die-off and invasion, initial inoculum 
concentrations and the general proportion of species present at the start should not influence the 
presence and abundance of species at steady-state. In the current study, rare species in the inocula 
(defined as being in the lower 10% of rank abundance) were enriched in the reactors, showing that 
individual SRTs successfully selected for niche organisms that best competed at the conditions 
and growth rates of each individual process. This is especially evident when comparing 
cyanobacterial OTUs, in which the most prevalent cyanobacterial OTU (OTU3 - Pseudanabaena 
sp, Figure 4.1 – Cyanobacteria) is found in appreciable amounts in all three reactors over time 
(mean relative abundance; on average 14.4%, 12.9%, and 6.4%, respectively, of the total bacterial 
diversity) despite only being found in the inocula sources at less than 0.07% of the total mean 
relative abundance.  
Across the three reactors, SRT 5 and SRT 10 show higher mean relative abundance of 
cyanobacteria at steady-state than SRT 15 (14.5% for both SRT 5 and SRT 10, compared to only 
3.08% of mean relative abundance for SRT 15). In all reactors, cyanobacteria are a significant 
component of the bacterial diversity, contributing to the top 90% of mean relative abundance by 
rank and accounting for 19.1%, 21.0%, and 12.0% of the total bacterial diversity on average. This 
diversity is concentrated in the top three OTUs shown for each reactor in Figure 4.1 (Figure 4.1 – 
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Cyanobacteria), with the top OTUs contributing 16.7%, 16.3%, and 9.02% of bacterial mean 
relative abundance across the three reactors. Although prevalent, the total concentration of 
cyanobacteria was likely lower than would be seen in a wastewater system without pH control (pH 
<7.65), as cyanobacteria prefer pH conditions in the range of 8-11 (Goldman et al., 1972). 
The presence of additional bacteria that are key to wastewater processes, such as ammonia-
oxidizing bacteria (AOB) and nitrite-oxidizing bacteria (NOB), are also found over long-term 
operation and increase over time and with increasing SRT. All OTUs belonging to the AOB were 
identified as being in the genus Nitrosomonas, while OTUs belonging to the NOB were identified 
as Nitrospira (Figure 4.1 – Nitrifying Bacteria). The highest concentration of Nitrosomonas sp. 
occurs in reactor SRT 15 during the last SRT (2.1%), although SRT 10 also had a consistent 
presence of Nitrosomonas sp. (average 0.36%), Nitrospira sp. were comparatively more rare, and 
reached peak totals between 0.19 and 0.62% of the total bacterial diversity. Nitrosomonas sp. was 
present at levels commonly seen in wastewater treatment of 0.01-9.3% (Kim et al., 2011; Layton 
et al., 2005) and Nitrospira were at concentrations similar to those seen by Kim and colleagues in 
a full-scale activated sludge process (0.16%) (Kim et al., 2011). Somewhat surprisingly, 
Nitrobacter sp. was not detected although commonly found in wastewater treatment (Siripong and 
Rittmann, 2007). However, Nitrospira are more frequently the dominant NOB in activated-sludge 
systems (Burrell et al., 1999; Juretschko et al., 1998; Siripong and Rittmann, 2007). Although only 
detected in one inoculum source (secondary effluent, 0.11%), and not detected during the first 30 
days of long-term experimentation, Nitrospira increased in concentration over time and resulted 
in mean relative abundances of 0.20%, 0.62%, and 0.19% across the three SRTs. The presence of 
nitrifying organisms at longer SRTs is not surprising, with AOB and NOB being slow growers that 
have typical growth rates between 0.32-1.02 d-1 and 0.34-1.1 d-1, respectively, depending on 
temperature (Rittmann and McCarty, 2001). Wastewater processes that utilize nitrifiers for 
treatment often operate at SRTs of >15 days to limit the risk of washout (Rittmann and McCarty, 
2001). 
Nitrifying bacteria, in addition the more dominant cyanobacteria, are part of a diverse and 
varied community, with bacterial richness 2-7x higher than that of eukaryotic richness, a trend that 
becomes stronger with increasing SRT (e.g., SOBS = 279 for bacteria compared to SOBS = 105 for 
eukaryotes in SRT 5, and 278 to 40 for SRT 10). It is becoming increasingly clear of the role that 
the “rare biosphere” plays in shaping microbial community structure in general (e.g., (Shade et al., 
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2014; Sogin et al., 2006)), and in wastewater processes specifically (e.g., (Lawson et al., 2015)). 
Research has shown that the influence of the rare biosphere goes beyond affecting community 
dynamics but affects community function as well (Lawson et al., 2015), and this is most often seen 
in bacterial and archaeal microbial communities. However, the importance of rare taxa is less clear 
in eukaryotic communities, in which there are comparably fewer species present and function is 
dominated by a few organisms. In these systems, it is likely that while functional stability relies 
on diversity and rare species, function itself is dictated by the dominant organisms. 
 
4.3.2 Community dynamics  
 
Beta-diversity measurements, including the richness-based (presence-absence) Jaccard (DJACCARD) 
and structure-based Bray-Curtis (DBRAYCURTIS) distances, show that community richness and 
structure of each microbial community changes through time, and that these differences are less at 
higher SRT. PCoA plots of Phase 1 (Figure 4.2A) and Phase 2 (Figure 4.2D) show that all 
communities shift away from the initial starting community (inocula mixture, t = 0) and towards a 
steady-state community (Figure 4.2A, circled data points). In Phase 1, SRT 5 moves farthest away 
from the initial inoculum (DBRAYCURTIS= 0.93 +/- 0.01), while SRT 10 is at an intermediate distance 
(DBRAYCURTIS= 0.66 +/- 0.07), and SRT 15 remains the closest (DBRAYCURTIS= 0.46 +/- 0.07). 
However, after mixing all biomass in equal proportions by weight for the replicate run (as 
described in the Methods section), SRT 15 remains stable and stays within a distance of 0.30 +/- 
0.01, while SRT 5 and SRT 10 communities again diverge from the initial mixed community and 
reach a new steady-state community that has diverged greatly from the initial community 
(DBRAYCURTIS= 0.48 +/- 0.02 and DBRAYCURTIS= 0.65 +/- 0.03, respectively). In all cases during 
Phase 2, divergence from the initial community may be somewhat muted due to loss of diversity 
over long-term experimentation, and all communities show less divergence during Phase 2 than 
during Phase 1. This may be attributed to selective pressures and competition over longer time 
scales that eliminate diversity at the community level (i.e., inter-species diversity) and at the 
species level (i.e., intra-species and trait diversity). Nonetheless, these results show a remarkable 
stability for SRT 15, which after establishing itself during Phase 1, changes little during Phase 2, 
even after mixing with the other dominant species present in SRT 5 and SRT 10. Furthermore, 
SRT 5 and 10 have markedly different steady-state communities during Phase 1 and Phase 2 
54 
 
(DBRAYCURTIS= 0.87 +/- 0.01 and DBRAYCURTIS= 0.48 +/- 0.01) compared to SRT 15 (DBRAYCURTIS= 
0.16 +/- 0.01).  To normalize the results to a common stage of operation (i.e., SRT cycle #), we 
also examined the distance at SRT = 6 cycles for each reactor (Figure 4.2C/F), after which 
communities were operating at steady-state. The distances at this time point reflect the same 
relationships seen over the length of the full experiment and when comparing as time series (days).  
These results show that longer SRTs result in more stable communities, while shorter SRTs 
result in less stable (or conversely, more dynamic) communities. Unstable environments, such as 
those seen in SRT 5 or those that undergo perturbation events, are more likely to contain fast-
growing organisms that have high resource utilization (i.e., ‘r-strategists’) (Pianka, 1970). 
Furthermore, Vuono and colleagues were able to show that SRT may be leveraged to impose an r-
Figure 4.2. PCoA plot using Bray-Curtis metrics show the community shift that occurs over time for 
SRT 5 (blue circles), 10 (green squares), and 15 (red triangles) over (A) Phase 1 and  (D) Phase 2. 
Starting at t=0 (orange diamonds), the community moves towards a steady-state location (circled data 
points). (B) and (E) show the raw Bray-Curtis distance from the initial time = 0, while (C) and (F) 
display the Bray-Curtis distance at 6 SRTs of operation. SRT 15 remains consistently stable, moving 
the least distance from the start of operation across both Phase 1 and Phase 2. In contrast, SRT 5 and 10 




K selection on organisms in wastewater treatment: short SRTs selected for fast-growing r-
strategists, while longer SRTs selected for organisms that efficiently utilized scarce resources (i.e., 
‘K-strategists’) (Vuono et al., 2015). However, community stability and functional stability appear 
to be decoupled, and communities with unpredictable structural dynamics may reach a dynamic 
equilibrium characterized by stable function and dynamic community structure (Kaewpipat and 
Grady, 2002; Kooi et al., 1997).  
 
4.3.3 Community function and performance 
 
Nutrient recovery via biomass assimilation is highest at low SRTs, with increasing SRT leading to 
increased variability in performance and higher effluent nutrient concentrations. SRT 15 has 
substantially more TN (SM, Figure B.6) than SRT 5 in both Phase 1 and Phase 2 as well as effluent 
PO43- (SM; Figure B.7). SRT 5 consistently maintains low effluent concentrations and higher TN 
removal across Phase 1 and Phase 2 (Figure 4.3A), but SRT 10 and SRT 15 show variable 
performance across the two phases, with TN removal that varies between 79-95% for SRT 10 and 
69-88% for SRT 15 at steady-state. Typical nitrification/denitrification treatment processes show 
a decrease in TN effluent with increased SRT because longer SRTs generate more biomass to 
perform ammonia and nitrite oxidation in aerobic conditions, followed by denitrification under 
anoxic conditions. In the present system, however, constant aeration was provided for mixing and 
pH control, and nitrifying bacteria generated an abundance of NO3- that was not entirely removed 
by the algae at higher SRTs. This is not because microalgae cannot assimilate NO3- into their 
56 
 
biomass (Richmond, 2004), but rather, most likely due to the fact that algae at higher SRTs were 
less active and experienced higher rates of decay and endogenous respiration. 
 
These results indicate that while longer SRTs result in  a more stable community structure, 
the dynamic communities present at low SRT provide increased functional stability. SRT 5 shows 
more dynamic N:P ratios (Figure B.8 in SM; range 4.9-6.6 N:P by mass) between Phases of 
operation, while SRT 15 shows a stable N:P ratio (5.7-5.9) likely due to its more stable community 
structure. The higher richness and diversity of SRT 5, however, allows for a plasticity in N:P 
uptake that is able to respond to changes in N/P loading resulting from internal nutrient cycling 
(e.g., cell death). This increased capacity to accommodate variable loading and responsiveness of 
SRT 5 show a robust and resilient community. Indeed, there has been emerging consensus that 
diversity promotes system productivity and functional stability (Cho et al., 2017; Ptacnik et al., 
2008; Shurin et al., 2014), and Ptacnik and colleagues, in particular, showed in a large-scale 
sampling study that diversity drives functional stability among phytoplankton communities  by 
Figure 4.3. Percentage total N removal across (A) SRT 5, (B) SRT 10, and (C) SRT 15 during Phase 1 
(circles) and Phase 2 (squares), and (D)-(F) the percentage of TN present in the form of NO3-. SRT 5 
showed consistently reliable TN removal compared to SRT 10 and 15, but TN was not always in the 
form NO3- and NH4+ was present in the effluent. SRT 10 and SRT 15, experienced more variable TN 
removal across Phases, but consistently removed all NH4+ and remaining N was in the form of NO3-.  
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fostering resource use efficiency. Thus, although SRT 15 displays a stable community structure, 
SRT 5 shows more stable ecological function (i.e., nutrient recovery) across Phases, despite having 
very different communities during each Phase (DBRAYCURTIS= 0.87 +/- 0.01). Furthermore, if 
subjected to perturbation events such as the introduction of invasive predators or toxic shock 
events, low diversity communities like those seen in SRT 15 may be particularly vulnerable to 
community collapse, while the diversity of SRT 5 may afford the community a robustness and 
resiliency that could dampen such effects. 
The stable community observed in SRT 15, dominated by a few OTUs, results in 
consistently high amounts of NO3- in the effluent as opposed to other forms of N. If mixed 
phototrophic treatment were utilized for BOD removal and oxidation of NH4+, higher SRTs would 
deliver consistent low levels of ammonium below the limit of detection and a steady stream of 
NO3- which could be used for additional treatment (e.g., denitrification). SRT 5, however, although 
delivering a consistent and low TN effluent concentration, operates at growth rates too fast for 
stable nitrification (Rittmann and McCarty, 2001), and effluent TN is not consistently present as 
one single species (i.e., NH4+ or NO3-). These results mean that if, as in the U.S. in certain locations, 
only effluent NH4+ is regulated, the SRT 15 reactor with 76 mg·L-1 of TN would meet permit 
discharge limits while the 4.7 mg·L-1 from SRT 5 would not. These results highlight the 
contradictory nature of some regulations and the need for treatment standards that target all N and 
P sources, rather than just specific species such as NH4+. In fact, eutrophication occurs precisely 
because microalgae are highly adept at assimilating N in many forms (Liu et al., 2012; Richmond, 
2004).  
Although microalgae prefer NH4+ as a N source because it is already reduced to the form 
used for cellular metabolism (oxidation state of -3), most microalgal species can also assimilate 
NO2- and NO3- (Richmond, 2004). The use of nitrite/nitrate does require additional energy output 
to reduce these more oxidized forms (N of +3 and +5, respectively) back to N (-3). In any form, 
however, microalgae are able to rapidly assimilate N into their growth metabolism. Kinetic studies 
performed after each mixed community reached steady-state show that N uptake generally follows 
this preferential succession, with NH4+ being assimilated first, followed by NO2- and NO3-, 
respectively (Figure 4.4 – SRT 5; SRT 5 is representative of the kinetics seen for each reactor, and 
the reader is referred to SM Figure B.9 for all kinetic data). While NH4+ is being taken up by 
microalgae, oxidation of ammonia and nitrite occurs in parallel and there is an initial increase in 
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NO2- and NO3- in the reactor. Once NH4+ is completely consumed, however, NO2- begins to be 
assimilated, and when it reaches low levels (<4.5 +/- 0.3 mg-N·L-1), NO3-  becomes the primary N 
source for the algae. Uptake rates of each N species (Figure 4.4B) reach levels that are an order of 
magnitude larger than those that can occur through bacterial nitrification/denitrification alone, with 
maximum specific substrate utilization rates for  NH4+, NO2-, and NO3- reaching 43.4, 13.8, and 
23.2 mg-N·L-1·mg-VSS-1·d-1 after Phase 1 experimentation, compared to rates in the range of 0.96-
3.1, 4.1-13 (Rittmann and McCarty, 2001), and 0.23-2.88 mg-N·L-1· mg-VSS-1· d-1 (Hermanowicz 
and Cheng, 1990; Mulcahy et al., 1980; Rabah et al., 2007) reported in the literature. These 
findings highlight the tremendous potential that microalgae may hold for nutrient recovery from 
wastewater. In addition, uptake rates at the end of Phase 2 are significantly higher than the uptake 
rates seen at the end of Phase 1 (38 vs. 72 mg-N·L-1 · mg-VSS-1· d-1) and may indicate that the 
mixed phototrophic communities are becoming more selective over time, with organisms that have 
high nutrient uptake rates outcompeting others. 
 
 
Figure 4.4. (A) N uptake across the first 60 hours of the kinetic assay for SRT 5 after Phase 1 (for 
additional results, see SM Figure B.8). The top bar shows the N-species with the highest uptake rate 
(mg·L-1 N · mg-1 VSS · d-1 ) during that time period, while (B) shows the uptake rate calculated during 
each time point set. NH4+ is preferentially utilized by microalgae, during which time NO2- and NO3- 
concentrations increase due to the presence of nitrifiers. Once NH4+ is removed completely, microalgae 
then assimilate NO2- and NO3- into their biomass.  
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4.4 Conclusions  
 
This research sought to elucidate the interactions between system performance (i.e., nutrient 
recovery) and microbial community structure in wastewater algal-bacterial systems. Specifically, 
it focused on SRT as an important parameter that controls whole process design and influences 
microbial community structure by changing growth rate. In applying SRT as a selective pressure 
in mixed wastewater systems, it was found that SRT influenced community composition 
significantly, creating a gradient of microbial composition across SRTs. Low SRT selected for fast 
growth communities that had high levels of diversity, and high SRT selected for communities  
dominated by a few organisms.  Low SRT, operating under a strong wash-out pressure, was also 
dominated by filamentous eukaryotes and cyanobacteria, while higher SRTs encouraged 
unicellular microalgae and nitrifying bacteria that converted NH4+ to NO3-. While high SRTs 
experienced more variable nutrient uptake and higher levels of effluent TN, TN was consistently 
in the form of NO3-, rather than NH4+. SRT 5 had consistently low levels of TN, but it was not 
consistently in the form of NO3-, which may be problematic when trying to achieve effluent 
discharge limits that regulate NH4+ rather than TN. Lastly, communities across SRTs were able to 
assimilate N in all forms - NH4+, NO2-, and NO3-, demonstrating microalgae’s suitability for use 
in wastewater treatment for nutrient recovery.  
 
Significant findings indicate that: 
 
(1) Longer SRTs result in more stable communities, while shorter SRTs result in more 
dynamic communities. 
(2) Dynamic communities present at low SRT provide increased functional stability, while 
higher SRTs experience more variable performance. 
(3) Longer SRTs consistently deliver lower effluent NH4+. 
 
In practice, microalgal systems could be operated according to the desired system function, and 
these results demonstrate that SRT is an important selective pressure in shaping community 
structure and performance. For example, longer SRTs could promote a stable community 
composition desirable for consistent bioenergy feedstock production. If, however, nutrient 
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recovery is the primary objective, low SRTs provide the most reliable nutrient recovery, though 
variation in effluent NH4+ requires attention to the tradeoffs between NH4+ and TN removal. As 
the field seeks to design and implement microalgal processes at full-scale, it is necessary to create 
engineered designs that more tightly control process parameters than past designs (e.g., open 
ponds). In particular, these results indicate that control of SRT and HRT through recycling or other 
methods could help maintain community structure and overall system performance. In addition, 
the use of mixing and short light paths (i.e., shallow pond depth, use of photobioreactors) would 
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CHAPTER  5 
 
SELECTIVE PRESSURES IN PHOTOTROPHIC WASTEWATER TREATMENT 




5.1 Introduction  
 
Microalgae are a promising source of bioenergy feedstocks – they have high photosynthetic 
efficiency and biomass productivity, and do not need to be cultivated on arable land, significant 
advantages over terrestrial feedstocks (Chisti, 2007; Dismukes et al., 2008). Furthermore, they are 
able to achieve lipid concentrations much higher than those of traditional bioenergy crops, and 
consequently, microalgal-derived biodiesel is the only renewable fuel that could potentially 
displace liquid fuels derived from petroleum (Chisti, 2007). It is this ability to store inorganic 
carbon (as lipids and carbohydrates) to high levels that has driven major research efforts towards 
the production of biofuel from microalgae (DOE (U.S. Department of Energy)., 2016), but large-
scale cultivation for bioenergy applications has been hindered by the high cost of system inputs, 
including energy, freshwater, and nutrients (i.e., fertilizers) that make large-scale production 
efforts prohibitively expensive (Vasudevan et al., 2012). However, coupling microalgal biomass 
production with wastewater treatment could reduce the life cycle environmental impacts (Clarens 
et al., 2010) and the cost of algal-derived biodiesel up to 50%  (Menetrez, 2012). In fact, the US 
DOE has determined that is essential for future algal biofuel production to be incorporated with 
wastewater and recycling (DOE (U.S. Department of Energy)., 2016). This approach has the 
significant potential to advance both wastewater treatment and the production of bioenergy, 
transitioning our treatment plants to water resource recovery facilities (WRRFs) that recover 
nutrients while producing bioenergy feedstocks (Pittman et al., 2011b; B. D. Shoener et al., 2014).  
To date, the role of algae in wastewater treatment has largely been limited to oxygen 
production in waste stabilization ponds (WSPs)(Tchobanoglous et al., 2014). However, recent 
interest in using microalgae for nutrient recovery (nitrogen, N; phosphorus, P) from wastewater 
streams is driving developments in algal technologies, including  high rate algal ponds 
(HRAPs)(Park et al., 2011; Sutherland et al., 2017) and intensive (i.e., small footprint) tubular 
photobioreactor (PBR) systems (Arbib et al., 2013; B. D. Shoener et al., 2014). The use of these 
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technologies with wastewater is primarily focused on treatment using a mixed algal-bacterial 
community (removal of COD, N, P, and heavy metals) (Godos et al., 2009; Muñoz and Guieysse, 
2006), with a particular emphasis on nutrient recovery due to microalgae’s ability to uptake N and 
P at high maximum specific rates (Lehman and Scavia, 1982) and their ability to quickly assimilate 
organic nitrogen and phosphorus (Bronk et al., 2006; Liu et al., 2012; Qin et al., 2015). In addition 
to nutrient water quality data, many studies include information on carbon storage (e.g., (Park and 
Craggs, 2011a; Woertz et al., 2009; Zhu et al., 2013)), such as the maximum lipid and/or 
carbohydrate percentages achieved (carbon:biomass by weight). However, with the exception of 
early proposals linking wastewater treatment and bioenergy (Oswald and Golueke, 1960), there 
has been a disconnect between the mixed community, treatment-based research present in the 
wastewater field and the focus on cultivation methods to maximize carbon-storage (often in pure 
culture) undertaken by the energy field (Goodson et al., 2011; Siaut et al., 2011). Microalgal cells, 
though, maintain carbon reserves of lipid and carbohydrate as a way to stabilize growth and 
maintain nutrient uptake in the absence of exogenous energy input (i.e., night-time)(Mooij et al., 
2013), and operating parameters (e.g., HRT/SRT) and environmental factors (e.g., light intensity, 
nutrient concentration) are inextricably linked to carbon dynamics and metabolic selection. A 
critical challenge to the advancement of phototrophic technologies is a lack of mechanistic 
understanding of how design and operational decisions at the process level influence these 
dynamics and the effect on carbohydrate and lipid stores over daily- and seasonal- cycles. 
Understanding how operational decisions affect carbon dynamics and biochemical composition, 
and how these compositions might be manipulated, is key to designing algal systems that reliably 
and predictably treat wastewater while generating tailor-made feedstocks for downstream 
processing. 
Environmental biotechnological approaches, which aim to promote functionality rather 
than specific species, have been used effectively in mixed microalgal systems to generate carbon-
rich biomass by implementing selective pressures on the community (Mooij et al., 2015). Multiple 
environmental stressors are known to induce carbohydrate and/or lipid storage in microalgae, 
including nutrient deficiency (Markou et al., 2012), salinity (Rao et al., 2007), light (Richmond 
and Hu, 2013), and temperature changes (Carvalho et al., 2009). Of these, nitrogen starvation is 
the most commonly used technique to induce intracellular carbon storage (Courchesne et al., 2009; 
Illman et al., 2000; Li et al., 2008) because it has been shown to drastically increase lipid 
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production in microalgae (e.g., (Goodson et al., 2011)). The effect of nitrogen starvation on 
carbohydrates is less clear, with contradictory studies indicating that carbohydrate accumulation 
may or may not occur in the same species (Brányiková et al., 2011; Widjaja et al., 2009). 
Conversely, phosphorus starvation has been shown to increase the storage of carbohydrates in algal 
cells(Guerrini et al., 2000), and in some cases, lipids (Dean et al., 2008; Rodolfi et al., 2009). 
Optimization of systems using these techniques can be difficult, however, because creating energy-
rich biomass (i.e., high lipid) comes at the expense of cellular growth (Ratledge, 2001). Balancing 
these two opposing factors is key to creating efficient systems that operate with the highest carbon 
productivity. A number of studies have proposed possible solutions such as two-step processes 
that build up biomass in one stage before entering a second stage that induces lipid accumulation 
through nutrient starvation (e.g., (Huntley and Redalje, 2007; Li et al., 2008)), but these proposals 
lack the fundamental knowledge necessary to optimize the phototrophic system to maximize 
productivity, and it is it is still necessary to understand the rate at which target storage compounds 
are produced and degraded and the underlying mechanistic behavior driving these dynamics.  
The objective of this work was to examine the effect of solids residence time (SRT) – a 
core operational parameter of wastewater systems – on system function (i.e., carbon dynamics) 
over diurnal and long-term operation in nutrient replete conditions. We hypothesized that SRT 
may be used as a selective pressure that drives differences in community functional traits, and thus, 
would result in communities with different carbon dynamics across SRT. Specifically, we 
hypothesize that short SRTs would select for fast growers whose carbon reserves were primarily 
in the form of carbohydrates, which are the primary (i.e., daily) form of carbon storage, while 
longer SRTs would select for slow growers that may contain more lipids, a longer-term form of 
storage(Li et al., 2011). Three mixed community algal reactors were run at SRTs of 5, 10, and 15 
days for at least 6 SRT cycles until steady-state operation was achieved. Following steady-state 
operation, experiments were performed to measure the carbon dynamics over a 24-hour cycle and 
to observe extant (i.e., experimental) performance. Then, kinetic assays were performed to induce 
nutrient starvation and to measure the intrinsic (i.e., theoretical) potential carbon accumulation of 
each community. Performance of long-term operation (water quality) and community structure 





5.2 Experimental Methods  
 
5.2.1 Photobioreactor (PBR) design and operating conditions 
 
Experiments were performed using flat-panel PBRs constructed of UV-stabilized acrylic with a 
solid PVC frame and a 4L working volume (total internal dimensions of 740 x 250 x 25 mm [height 
x width x depth]), described in detail by David Gardner-Dale and colleagues(Gardner-Dale et al., 
2017). PBRs were operated as chemostats (i.e., continuous flow  reactors) and lit from one side 
using red (630 nm) and blue (460 nm) light-emitting diodes (BlazeTM 12V LED; elemental LED) 
controlled via a microcontroller (Arduino Uno – R3; Sparkfun Electronics). Light output consisted 
of a day-night cycle of 14:10 hours (light:dark) and followed a sinusoidal approximation in order 
to simulate normal daylight patterns with sunrise/sunset(Červený et al., 2009; Nedbal et al., 2008) 
and a peak light intensity of 220 µE·m-2·s-1. Reactors were continuously sparged with humidified 
air at 0.1 Lair ·Lreactor·min-1 to provide continuous mixing(Guest et al., 2013), and the pH was kept 
under 7.65 with a pH controller (Eutech Instruments, pH 190 series) and solenoid valves to deliver 
99% CO2 gas when activated (typical pH 7.65-7.35). In addition to air sparging, reactor sides were 
scraped daily to inhibit attached growth. Each reactor was fed continuously from secondary 
effluent obtained weekly from the local wastewater treatment plant’s (WWTP) high-rate activated 
sludge system and stored in the dark at 4 °C before and during use. As described in Bradley et al 
(Bradley et al., 2017), secondary effluent was amended with N, P, and micronutrients (using a 
modified TAP media with improved trace metals(Kropat et al., 2011) to ensure consistent influent 
loading across the duration of the experiment. HRT was equal to SRT for all reactors. However, 
in order to isolate the effect of SRT on system performance and disentangle SRT from HRT (i.e., 
nutrient loading effects), the daily nutrient loading was set at a fixed rate across all reactors as 
described previously (e.g., (Bradley et al., 2017; Gardner-Dale et al., 2017)). This nutrient rate was 
set at 15 mg-N·L-1·d-1 and 3.2 mg-P·L-1·d-1 to approximate a 1 day HRT at a typical 
WWTP(McCarty et al., 2011), while reactors were operated at continuous flows of (actual 






5.2.2 Inocula and PBR start-up period 
 
As described above, long-term experimentation was performed using wastewater secondary 
effluent to test the  performance of phototrophic treatment systems under non-sterile, mixed 
community conditions. Biomass samples for long-term cultivation experiments were collected 
from natural surface waters (a eutrophic lake in Urbana, IL), primary and secondary clarifier weirs 
at the the U-CSD WWTP, and from a pilot-scale algaewheel ® treatment plant that operates using 
swine manure. After straining through a 0.6mm mesh to remove macroalgae, samples were mixed 
in equal proportion by cell count and distributed to one of three parallel reactors. Cultures were 
grown in batch operation for 7 days under continuous lighting that was gradually increased from 
40% to 100% of peak light (220 µE·m-2·s-1) to allow culture acclimation to laboratory conditions. 
At the end of 7 days, cultures were mixed, strained, and redistributed among the reactors before 
operating at experimental SRTs and a diurnal light cycle. After one additional week, cultures were 
remixed/redistributed and experimentation commenced.    
 
5.2.3. Long-term PBR operation 
 
Reactors were run in parallel for >6 SRTs to achieve steady-state operation, as defined by a less 
than 5% change in total and volatile suspended solids (TSS and VSS, respectively). After reaching 
steady-state, 24-hour experiments were performed to measure the diurnal variation in algal 
biochemical composition (including intracellular CHNP, protein, total carbohydrates, and total 
lipids) and to track carbon storage dynamics (as carbohydrates and lipids). During these 
experiments, samples were taken from the reactor every two hours and influent/effluent pumping 
adjusted to maintain constant flow rate. Upon completion of the 24-hour experiment, a portion of 
biomass from the reactor was removed to undergo a short-term kinetic assay. Briefly, biomass was 
placed in reactors of identical design and operation as described above, subjected to continuous 
lighting at maximum intensity, and given additional N/P to ensure replete conditions. Samples 
were then taken over 148 hours (6.17 days) to follow nutrient uptake, biomass growth, and carbon 
storage. 24-hour experiments were used to record the extant community function (i.e., the function 
under environmental conditions present in the reactor) and to calculate parameters related to 
carbon storage and growth, while kinetic studies under peak light intensity were used to examine 
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the intrinsic function (i.e., maximum potential) of the community. After 24 hour and kinetic 
experiments were performed for each SRT, cultures were filtered through a 0.6mm screen, remixed 
in equal amounts by weight, redistributed among three clean reactors, and each SRT condition was 
repeated to obtain replicate samples. 
 
5.2.4 Sample collection and storage 
 
Routine sampling was performed during long-term operation to measure the TSS/VSS 
concentration, biomass intracellular CHNP content, and biochemical composition (i.e., protein, 
total carbohydrate, and total lipid concentrations). Briefly, biomass samples from all experiments 
were collected from a side port located at approximately 1/3 the height of the reactor and suspended 
in a clean beaker using a stirbar and stirplate. Solids analysis (TSS/VSS) was performed 
immediately and remaining biomass was centrifuged at 10,000 x g for ten minutes to obtain a 
pellet. Pelleted biomass was stored at -20°C until being lypholized, ground with mortar and pestle, 
and stored under desiccation until analysis. Samples taken during long-term operation were 
collected one hour prior to the end of the light phase, when carbon storage reserves have been 
shown to be at a peak(Gardner-Dale et al., 2017). 
 
5.2.5 Biochemical composition analyses 
 
TSS/VSS concentrations were measured in triplicate using the standard method modified to use a 
0.7 um glass fiber filter (GF/F, Whatman) to retain microalgae (Pruvost et al., 2009). Lyophilized 
biomass samples were analyzed for carbon, hydrogen, and nitrogen and total phosphorus (CHNP; 
masselement·massalgae-1)  by the Microanalysis Laboratory at the University of Illinois at Urbana-
Champaign (UIUC) School of Chemical Sciences using a CHNS/O Elemental Analyzer (Perkin 
Elmer 2400 Series II) and by ICP-MS (Perkin Elmer SCIEX ELAN DRC-E), respectively. Protein 
content was estimated by multiplying the elemental N percentage (weight percentage) by a 
conversion factor that represents the ratio of N content to protein following the method of 
Lourenço et al (Lourenço et al., 1998). Conversion factors for each SRT were determined by 
analysis of amino acid residuals and varied from 5.64-6.1 (see Supplementary Information, SI, 
Tables C.1-C.6 for full details and conversion factors used for each SRT). Amino acid profiling 
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was performed by Bio-Synthesis, Inc. (Lewisville, Texas). Total carbohydrate content of 
lypholized biomass was determined via the 3-methyl-2-benzothiazolinone hydrazine (MBTH) 
method (Van Wychen and Laurens, 2015) modified for a well-plate(Gardner-Dale et al., 2017), 
which utilizes a two-step acid digestion followed by colorimetric analysis, and total crude lipids 
were measured in triplicate using a modified, single-step Folch method (Axelsson and Gentili, 
2014).Lastly, performance between reactors was compared via two-tailed ANOVAs and Tukey’s 
tests with a = 0.05 to determine if variation was more significant than random error.  
 
5.3 Results and Discussion 
 
5.3.1 Steady-state operation 
 
Reactors at SRT 5, 10, and 15 were run over long-term until steady-state operation was reached 
(Figure 5.1) and TSS/VSS increased with increasing SRT, with the highest biomass concentrations 
being reached at SRT 15. TSS and VSS started to reach a plateau around 3 SRTs for each reactor 
(15, 30, and 45 days for SRT 5, 10, and 15, respectively), and operating until 6 SRTs was a 
conservative approach to ensure that community structure, in addition to biochemical composition 
and functional characteristics, was also at a steady-state. (Bradley et al., 2017) Distinct 
communities were formed at each SRT (Bradley et al., 2017) and TSS ranged from 3.08 ± 0.07 to 
3.21 ± 0.11 g·L-1 during the first set of experiments (Supplementary Information, SI; Figure C.1) 
, and from 1.79 ± 0.10 to 2.70 ± 0.02 g·L-1  during the replicate run. Biomass concentrations 
between SRTs were more similar during the first experimental run, but experienced larger 
variation in TSS/VSS measurements (average standard deviation for SRT 5 during the first run 
±0.15, compared to ±0.05 for the second run) due to problems with attached growth and floc-
forming community members (Bradley et al., 2017). This problem was exacerbated at low SRTs 
where fast growers are expected to dominate and there is strong selection for organisms that can 
resist wash-out. Hu et al. (Hu et al., 2017) found that under fast volume exchange ratios (VER; an 
equivalent metric to HRT/SRT) highly settleable filamentous organisms were able to dominate the 
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community, despite their large size and relatively slow growth and nutrient uptake rates compared 
to smaller, unicellular algae (Jakob O. Nalley, Maria Stockenreiter, 2014; Shurin et al., 2014). 
Indeed, while SRT 5 contained a large amount of filamentous organisms, and SRT 10 contained a 
mix of filamentous/unicellular, SRT 15 was uniformly dominated by unicellular and small colonial 
(i.e., Scenedesmus-type species) (Bradley et al., 2017). Daily axenic scraping was increased in 
frequency and intensity for replicate experimental runs, which allowed for better control of 
Figure 5.1. (A) Total suspended solids (TSS) (replicate run, for run 1, see Figure C.1) and (B) 
carbon:nitrogen (C:N) ratios during long-term experimentation for reactors SRT 5 (blue circles), 10 
(green squares), and 15 (red triangles). Error bars indicate ± standard deviation. TSS increases with 
SRT, with SRT 10 and 15 reaching similar concentrations. C:N ratio decreases slightly with SRT, though 
C:N ratios are within normal microalgal C:N rations (6-10) and are stable over long-term operation. 
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attached and settled growth during long-term operation and for clearer differentiation in TSS/VSS 
concentrations.  
Carbon:nitrogen (C:N) ratios show that all reactors quickly stabilized in terms of their 
carbon consumption, with SRT 5 and 15 reaching steady-state C:N ratios within 2 SRTs of 7.05 ± 
0.81 and 6.09 ± 0.13 g-carbon·g-nitrogen., respectively, and SRT 10 reaching a steady-state 
concentration of 6.37 ± 0.29 g-carbon·g-nitrogen within 3 SRTs. These ratios are within the normal 
C:N range of microalgae which can vary between 10-5 and are typically around 6 (Benemann et 
al., 2003; Park et al., 2013). Although this could mean that carbon storage is roughly similar across 
SRTs, C used for cell synthesis and growth (rather than as an energy sink) varies with algal species, 
and it is necessary to examine carbon stores (e.g., carbohydrates) explicitly.  
 
5.3.2 Extant and Diurnal Carbon Dynamics 
 
Carbohydrate content increases with decreasing SRT during steady-state operation (SI, Figure C.2, 
and Figure 5.2A-B), with SRT 5 displaying higher carbohydrate storage than those seen at SRT 
10 and SRT 15. Both carbohydrate and lipid content were normalized by protein in order to more 
accurately characterize the trends in carbon storage dynamics (Gardner-Dale et al., 2017; Guest et 
al., 2013), and average values (across both replicate runs) of extant carbohydrate content at steady-
state reached 0.62 ± 0.06, 0.37 ± 0.09, and 0.32 ± 0.02 (equivalent to carbohydrate percentages in 
the range 13.5-19.5%) for SRTs 5-15, respectively. These results match our hypothesis that shorter 
SRTs will select for dynamic, fast growing cells that primarily store carbon as carbohydrates. 
However, lipid content (Figure 5.2D-E) is not significantly different at any SRT and was not 
elevated at higher SRTs as expected. This could be in part due to the fact that all cultures were N- 
and P- replete, with N limitation or starvation being the most common trigger of lipid accumulation 
(Hu et al., 2008). 
Across 24-hour cycles, carbohydrate increases during the light cycle and reaches a 
maximum 3-5 hours after the peak light intensity, in keeping with past research (Gardner-Dale et 
al., 2017). Storage carbohydrates (along with lipids) were further characterized as ‘dynamic’ and 
‘static’ carbohydrates. Static carbohydrates were taken as the minimum carbohydrate 
concentration over 24 hours, and consist of both functional and storage carbohydrates that are not 
mobilized for growth. Dynamic carbohydrates, on the other hand, consist of storage carbohydrates 
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that are stored and mobilized during the diurnal cycle. SRT 5, already having the highest steady-
state concentration of carbohydrates, also displays the highest dynamics, increasing from 0.58 ± 
0.08 g-carbohydrate·g-protein to a peak carbohydrate:protein concentration of 0.69 ± 0.05 during 
the light cycle (approximately 18.9-21.3% carbohydrate). 
 
 
Dynamic carbohydrate content decreases with increasing SRT (Figure 5.2B), and SRT 5, 
10, and 15 have dynamic carbohydrate contents of 0.11 ± 0.09, 0.07± 0.12, and 0.04± 0.03 g-
carbohydrate·g-protein, respectively. Conversely, lipid concentration shows little variation and is 
stable across SRT and across 24 hour cycles. When comparing total concentration of dynamic and 
 
Figure 5.2. (A) Diurnal carbohydrate and lipid (D) to protein ratios over a 24-hour cycle for SRT 5 
(blue circles), 10 (green squares), and 15 (red triangles), (B) dynamic and static carbohydrate and (E) 
lipid , and (C) total concentration of dynamic and static carbohydrate and lipid (F). Data shown is from 
two separate experimental runs and is displayed as the average value ± the value obtained during an 
individual run. Full data from each separate experiment, along with the standard deviation, can be seen 
in the SI (Figure C.2). Replicates were run in time series (rather than in parallel), and across all reactors, 
low values from SRT 10 were obtained during the replicate run, likely to due to a loss of diversity 
stemming from long-term laboratory experimentation. Despite having a lower magnitude, all replicates 
confirm trends seen in the first run - storage carbon exists primarily in the form of carbohydrates, and 
lower SRTs display higher steady-state carbohydrate content and increased carbohydrate dynamics. 
Lipid concentrations are largely similar, and show little variation over a 24-hour cycle.  
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static carbohydrates and lipids present in the reactors (Figure 5.2C/F), the total carbohydrate 
concentration remains similar across SRTs. This is because there are more total dynamic 
carbohydrates present at low SRT (62.5 mg-carbohydrate·L-1 for SRT 5 compared to 36.6 mg-
carbohydrate·L-1 for SRT 15) and more static carbohydrates at high SRT (318 mg-carbohydrate·L-
1 for SRT 5 compared to 379 mg-carbohydrate·L-1 for SRT 15). Total lipids concentration increases 
with SRT, since the lipid content is approximately similar across SRT. SRT 15 displays less 
dynamics and is able to achieve a more reliable biochemical composition and concentration across 
diurnal cycles. Furthermore, the ability of SRT 15 to increase static carbohydrate content means 
that it may have the potential to accumulate more carbohydrate than lower SRTs, which need to 
mobilize dynamic carbohydrates on a more frequent basis.  
Dynamic carbohydrate storage during periods of high energy (i.e., irradiance) and 
degradation during the dark period allows for the stabilization of growth across light and dark 
cycles. This trend, whereby short SRTs resulted in more dynamic carbohydrates than higher SRTs, 
was also seen in pure culture work done previously by this group (Gardner-Dale et al., 2017). In 
that study, larger dynamics were attributed in part to decreased TSS/VSS concentration at lower 
SRTs (such as SRT 5). Given a fixed nutrient loading (i.e., HRT), microalgae at lower SRTs must 
mobilize more carbohydrates on a per cell basis to assimilate an equal amount of nutrient than if 
operating at higher VSS (and thus, higher cell concentration). An important characteristic of the 
previous study, however, was that all cultures operated in N- or P- limitation throughout the 24-
hour day/night cycle. In the current study, all SRTs operated with abundant N and P and differing 
amounts of nutrient removal (Bradley et al., 2017). The fact that there are still clear trends in 
dynamic carbohydrates across SRT, though, show that low SRTs are able to maintain high growth 
rates across day/night cycles without a reduction in productivity or system performance (e.g., 
nutrient removal). This is supported by nutrient removal rates that varied little across day/night 
cycles. In systems operating across day/night cycles, dynamic carbohydrates allow for stable 
system function across 24-hour cycles. Further differences in dynamic carbohydrates may be 
driven by higher rates of death/decay and endogenous respiration at increased SRTs. At longer 
SRTs which experience these conditions, cellular degradation may make more organic carbon 
available during the night time, while increased endogenous respiration rates reduce the amount 
of exogenous carbon being utilized in the first place. Both would result in reduced levels of 
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carbohydrate mobilized during the night, and a (seemingly) more efficient use of dynamic 
carbohydrates.  
5.3.3 Intrinsic carbon storage potential 
 
In stark contrast to the initial, extant concentration of cells, carbon accumulation (both 
carbohydrate and lipid concentrations) increased with increasing SRT during kinetic experiments 
performed immediately following 24-hour extant studies. These studies were performed using 
peak light intensity to assess the potential carbon accumulation and the underlying intrinsic 
capability of the communities cultured at each SRT. An increase was seen in both the ‘potential’ 
of the cells to accumulate carbon, defined as the difference between peak intrinsic accumulation 
and initial, extant accumulation, and in the final achieved concentration of carbon (Figure 5.3B) 
at higher SRT. SRT 5 displayed little accumulation and remained near initial conditions 
(carbohydrate:protein 0.78 ± 0.05 from 0.61 ± 0.01 g-carbohydrate·g-protein), while SRT 10 and 
SRT 15 achieved carbohydrate:protein ratios of 1.14 ± 0.14 and 1.45 ± 0.16 g-carbohydrate·g-
protein. Carbon storage was primarily in the form of carbohydrates, but similar trends were also 
seen for lipid concentrations, with lipid:protein ratios of 0.20 ± 0.04, 0.33 ± 0.03, and 0.39 ± 0.02 
g-lipid·g-protein. being achieved with increasing SRT.  
Although SRT did not drive differences in carbon accumulation during performance during 
extant performance, it did select for organisms with the potential for carbon accumulation. As 
mentioned previously, all cultures were under nutrient replete conditions during long-term 
operation, and SRT appeared to not drive any carbon accumulation beyond that necessary for 
stable growth. This is not completely unexpected, as nutrient limitation in various forms ais the 
most common selective pressure induced to promote carbon accumulation. However, as we 
hypothesized, it might be expected that faster growth organisms might accumulate less carbon 
(predominantly in the form of carbohydrates) while slower growing organisms accumulate more 
(in the form of carbohydrates and potentially in the form of lipids). This hypothesis is based 
primarily on the storage rates of the two types of carbon sinks, in which carbohydrate is the daily 
currency of the cell and lipids are a longer-term form of energy (Li et al., 2011), along with the 
observation that carbon accumulation is often associated with larger, slower growing cells (Shurin 
et al., 2014). Although this differentiation was not seen during extant performance, the intrinsic 
storage capability did  increase with increasing SRT. These results indicate that although 
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functional traits related to carbon accumulation were not seen during extant system operation, SRT 
may still be selecting for organisms with the desired traits.  
In addition to higher maximum carbohydrate and lipid concentrations, longer SRTs had 
higher maximum specific rates of carbon accumulation (Figure 5.3C/F). These rates were at SRT 
15 than SRT 5, with SRT 5, 10, and 15 achieving carbohydrate:protein accumulation rates of 0.001 
± 0.0002 , 0.007 ± 0.003, and 0.011± 0.004 g-carbohydrate·g-protein·h-1, respectively, and 
lipid:protein accumulation rates of -6.7e-5 ± 1e-6, 3.3e-4 ± 2e-4, and 1.4e-3 ± 9.0e-4 (g-lipid·g-
protein·h-1). Additional kinetic parameters (SI, Table C.1) show similar trends, with wide variation 
between reactors and SRT 15 having parameters 2-10x greater than those of SRT 5. Although 
kinetic parameters are in the range of those reported in literature (Fedders et al., 2017; Guest et al., 
Figure 5.3. (A) Carbohydrate and (D) lipid to protein ratios over a 148-hour kinetic experiment for 
using cultures obtained from SRT 5 (blue circles), 10 (green squares), and 15 (red triangles), maximum 
intrinsic storage potential of (B) carbohydrate and (E) lipid , and maximum specific total concentration 
of dynamic and static (C) carbohydrate and (F) lipid. As in Figure 5.2, data shown is displayed as the 
average value ± the value obtained during an individual run. Large variation is due to the muted trends 
(lower magnitude) seen during the replicate runs, but all replicate trends confirm those seen in the first 
run. A replicate run of SRT 5 was not obtained due to a culture crash, and error bars show the standard 
deviation rather than high/low values. Carbon accumulation increases with increasing SRT, with SRT 




2013), they are on the low end of those reported, and sometimes fall below normally recorded 
rates. This may be due to the fact that other studies have used synthetic media rather actual 
secondary effluent, and it is common to see lower growth and performance in mixed communities 
run using actual wastewater due to the presence of inhibitory compounds, increased competition, 
and predation. However, the highest rates in this study (SRT 15) are similar to those seen in a study 
by Fedders et al., where kinetic experiments were performed with cultures from distinct regional 
locations (Florida, Illinois, and North Carolina) and identify most closely with the Illinois samples 
(unsurprising, since the samples in this study were also sourced from Illinois). Given that Illinois 
was the lowest performing culture in that study, and the fact that these values are lower than 
traditionally reported, it is likely that the performance demonstrated here is a conservative estimate 
of the true potential of mixed community algae to accumulate carbohydrates and lipids in 
wastewater. 
 
5.3.4 Biomass productivity and bioenergy potential  
 
As described previously, biomass concentration increased with increasing SRT, but the higher 
concentrations achieved at SRT 15 were not significant enough to generate more than 3x the 
biomass seen during SRT 5. As a result, the biomass productivity (Figure 5.4A) is much higher at 
SRT 5 then at SRT 15 (357.2 ± 99.38 vs. 179.9 ± 22.74 mg·L-1·d-1). If the end result is simply to 
generate as much biomass as possible, it is desirable to operate the system at low SRTs and to 
leverage the higher productivity present at faster growth rates, as has been suggested by a number 
of other studies (e.g., (Griffiths and Harrison, 2009; Pittman et al., 2011b)). In general, these 
studies suggest that the production of biomass using open ponds coupled with downstream 
processing using anaerobic digestion or direct combustion has the least environmental impacts  
and provides the most economical way to generate energy (Clarens et al., 2011). Indeed, because 
the accumulation of carbon reserves such as lipids comes at the expense of cellular growth, it is 
often more efficient to generate energy using these methods from low-carbon biomass (Pittman et 
al., 2011b). However, liquid fuels derived from microalgal feedstocks, such as biodiesels derived 
from transesterification or hydrothermal liquefaction (HTL), offer distinct advantages over 
electricity and heat (e.g., the ability to be stored and transported) and have the potential to generate 
high-value revenue streams. In this case, biomass productivity and raw yield may be less important 
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than biochemical composition and fuel quality. Additionally, if algal systems were operated in a 
way to leverage the higher intrinsic capabilities seen at increased SRTs, it may be possible to 
increase carbohydrate and lipid content to the point where systems, although generating less raw 
biomass, generate more energy, depending on the fuel conversion method used.  
To look at the effect of biomass yield and biochemical composition on downstream 
bioenergy generation, estimates of caloric content, biodiesel yield (via transesterification), and 
biocrude yield (via hydrothermal liquefaction) were calculated using the biochemical composition 
(lipid/carbohyrdates/protein) of each culture. Caloric content and biodiesel yield were calculated 
using the method of Shoener et al. (B. D. Shoener et al., 2014), where caloric content is derived 
using the theoretical oxygen demand of cellular constituents and a conversion of 13.3 kJ·g-COD-
1 oxidized to CO2 and H20 (Oswald and Golueke, 1960), and biodiesel yield relies on direct 
conversion of lipid content to fuel (Batstone et al., 2002) and an estimated energy content of 37.2 
MJ·kg-fuel-1. Conversion of algal biomass to biocrude oil using HTL was estimated using the 
equation given by Leow et al. (Leow et al., 2015b) and an estimated energy content of 33.2 MJ·kg-
fuel-1. As expected, the higher biomass productivity seen at SRT 5 during long-term operation 
(Figure 5.4A, solid bars) results in higher energy productivity (Figure 5.4B). However, the slightly 
higher lipid and protein content (which are energetically more dense than carbohydrates) at SRT 
10 and 15 results in a higher energetic yield (Figure 5.4C) per kg than SRT 5 (e.g., for HTL, these 





Although SRT did not drive major differences in carbon storage among the long-term 
communities operating at steady-state, the intrinsic potential of these communities did increase 
with increasing SRT. If systems were operated in a way that achieved these intrinsic levels of 
carbon accumulation, the biochemical composition, and thus productivity, of carbohydrates and 
lipids could be favorably increased (Figure 5.4A/B, hatched bars) at high SRTs. This increase in 
carbon content will drive differences in energy yields based on the fuel type used. The increased 
carbohydrate content does not significantly alter the energy yields shown for long-term operation 
for HTL or Biodiesel (Figure 5.4C) because these fuels rely primarily on protein and lipid content. 
However, the large increase in carbohydrate (e.g., from 21.3% to 51.6% at SRT 15) would be 
beneficial for other downstream processing methods (e.g., for bioethanol).  
One possible way to operate systems closer to the intrinsic potential  could be by operating 
the system in nutrient (either N or P) limitation, which may allow for increased carbon storage. 
This approach warrants further research. A second, and commonly discussed method (e.g., 
(Huntley and Redalje, 2007; Li et al., 2008)), would be to introduce a second-stage process which 
operates in nutrient starvation. Such a process would fit within a typical wastewater treatment 
operating scheme, and could implemented as a side-stream process to treat waste activated sludge 
(WAS). By leveraging SRT with a two-stage process, it would be possible to generate algal 
Figure 5.4. (A) Biomass and (B) energy productivity across SRT. Solid bars show the productivity 
obtained during long-term experimentation, and lighter, hatched bars show the potential productivity if 
the intrinsic carbon content of each community was achieved. (C) Total energy yield per kg of algal 
biomass for SRT 5 (blue circles), 10 (green squares), and 15 (red diamonds). Values show predicted 
energy yield using the biochemical composition obtained during long-term experimentation. Biomass 
and energy productivity decrease with increasing SRT at the high protein content seen during long-term 
operation, but higher SRTs have more energy yield on a per kg basis. 
A B C 
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feedstocks with a gradient of biochemical compositions and to create feedstocks unique to the 
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6.1 Design of 18S rRNA primers (Chapter 4) 
 
Design and analysis of primer sets targeting the V4 and V8-V9 hypervariable regions of the 18S 
rRNA gene reveal that previously used primers targeting the V4 region have missed a major 
taxonomic group of interest to marine studies. These results highlight the need to use mock 
communities to validate the representation of species by amplicon sequencing rather than rely 
solely on in silico testing - experimental validation provides critical insight into the amplification, 
sequencing, and representation of target regions. Specifically, this study found that nucleotide 
degeneracies on the primer 3’ end impacted read length and mean relative abundance of mock 
communities due to differential amplification of templates containing G or A in the degenerate 
position for V4 primers proposed in literature.  Additionally, this region failed to reliably capture 
two of the twelve mock community members included in the study, and the V8-V9 region more 
accurately represented mean relative abundance and alpha- and beta-diversity metrics. However, 
the V4 and V8-V9 regions showed similar overall representations of environmental samples, and 
using multiple primer sets may offer complementary information that offsets tradeoffs between 
hypervariable regions. Based on these results, it is recommended that: (1) Mock communities 
composed of target species be used to quantify community representation and PCR and sequencing 
error, (2) degenerate locations in primers be limited, with no degeneracies near the 3’ end, and (3) 
that structure-based methods be used to more accurately approximate community diversity. 
 
6.2 SRT and its effect on community structure and nutrient recovery (Chapter 5) 
 
SRT may effectively be used to drive differences in community structure and function in mixed 
algal-wastewater communities, with short SRT selecting for a diverse community dominated by 
filamentous eukaryotes and cyanobacteria, and long SRT tending towards dominant unicellular 
eukaryotes. The presence of slow-growing nitrifying bacteria also increased at longer SRTs, and 
these communities experienced more stable community structure and reliable conversion of NH4+ 
to NO3-, while short SRTs exhibited less stable communities with increased variation in effluent 
N species. However, short SRT led to a more diverse and dynamic microbial community that had 
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a greater functional stability and more reliable nutrient removal overall. These results indicate that 
although there may be tradeoffs between operating at different SRTs, resilient and robust nutrient 
recovery can be obtained by mixed algal-bacterial systems. As the field seeks to implement these 
systems at full-scale, tightly controlled process parameters, and in particular, the use of SRT and 
HRT, may be used to maintain community structure and system performance. Furthermore, the 
control of environmental conditions, such as through the use of increased mixing and short light 
paths (i.e., shall pond depth), would allow for more stable community structure and more reliable 
and predictive system performance. 
 
6.3 SRT and its effect on carbon dynamics and biofuel potential (Chapter 6) 
 
Operating under nutrient-replete conditions, SRT selects for increased carbohydrate content with 
decreasing SRT. In addition to higher concentrations of steady-state carbohydrates at these low 
SRTs, the lower cell concentration results in cells mobilizing more dynamic carbohydrates on a 
per cell basis than at higher SRTs in order to stabilize growth through the night-time. This results 
in stable nutrient recovery across 24-hour cycles, with SRT 5 recovering more nutrient than SRT 
10 or 15 (see results from Chapter 5). However, in contrast to extant carbohydrate production, the 
intrinsic potential of microalgae to accumulate carbon increases with SRT. If systems were 
operated in nutrient limiting or starved conditions, it is possible that carbohydrate and lipid content 
could be increased with SRT, creating a gradient of biochemical compositions that could be used 
for different downstream processes (i.e., tailor-made feedstocks). 
 
6.4 Engineering significance 
 
The widespread adoption of phototrophic treatment systems is hampered by the industry’s current 
inability to design engineered systems that reliably and predictably recover nutrient. This is in part 
due to the lack of knowledge of how design and operational parameters influence community 
structure, nutrient, and carbon (i.e., carbohydrate and lipid) dynamics. The work herein provides 
significant insights into the effects of SRT on community structure, nutrient uptake, and carbon 
dynamics.  By leveraging SRT as a critical operating parameter, it may be possible for operators 
to select for a particular system function that best fits their needs. If the end-goal is total nutrient 
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recovery, operating at low SRTs would provide reliable system performance in terms of nutrient 
effluent quality and biomass productivity. Conversely, operating at a high SRT may provide a 
stable community capable of achieving simultaneous nutrient uptake and nitrification, but higher 
levels of effluent TN. In addition, variation in SRT has distinct tradeoffs when considering 
downstream energy applications, and it may be used to generate biomass with unique biochemical 
compositions. Such an approach, whereby the tradeoffs between nutrient recovery and energy 
production our considered together, may have significant potential to advance both wastewater 
treatment and bioenergy feedstock production, creating wastewater resource recovery facilities 
that recover nutrients and produce energy. Lastly, the development of gene-specific primers for 
eukaryotes provides an opportunity to more accurately characterize mixed algal communities, and 
offers a path forward for additional research in this field. In addition to advancing our 
understanding of sequencing eukaryotes in wastewater, the molecular tools developed here have 
broad interdisciplinary impacts across the fields of environmental engineering, limnology, and 
oceanography. 
 
6.5 Limitations of current work and scope of future work  
 
The overarching goal of the current work was to gain a mechanistic understanding of how design 
and operational decisions influence nutrient and carbon dynamics in mixed microalgal 
communities. Specifically, the work presented here systematically examined the effect of the 
operational parameter, SRT, on altering the diversity and richness of algal-bacterial communities, 
functional stability related to nutrient uptake, and carbohydrate and lipid dynamics. This project 
overcame a critical barrier in microalgal wastewater systems by connecting SRT with community 
structure and overall system performance to better understand how growth rate influences nutrient 
uptake and energy-rich carbon stores over long-term and diurnal time scales. Additionally, the 
design and evaluation of 18S rRNA gene-specific primers for use with the Illumina MiSeq second 
generation sequencing platform represents a crucial advancement in the application of amplicon 
sequencing for eukaryotes. To recap, significant findings indicate: (1) SRT meaningfully 
influences community structure and function, with higher SRTs exhibiting increased community 
stability but more variable system performance (i.e., nutrient recovery), and lower SRTs 
experiencing higher diversity and more dynamic community structure, but with more resilient 
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system performance; (2) SRT drives difference in carbon dynamics across mixed communities, 
with dynamic carbohydrates and steady-state extant carbohydrate production increasing at lower 
SRTs; and (3) high SRTs successfully select for microalgae with higher intrinsic carbon 
accumulation rates, indicating that SRT may be successfully leveraged to generate bioenergy 
feedstocks with a range of biochemical compositions and energy contents. 
 The findings herein may be used to apply SRT to drive system function and performance 
and in the design of reliable microalgal systems. However, the full effect that SRT has on nutrient 
uptake needs to be investigated further. In particular, SRT and growth rate affect cellular N:P 
requirements, which also vary with community structure. As SRT and growth rate shift, the cellular 
N:P requirement, in addition to the community structure, shift. Understanding these complex 
dynamics is necessary to be able to fully model nutrient uptake in microalgal systems. 
Additionally, although SRT is a critical parameter that drives system structure, function, and 
performance, it is one of many system characteristics that must be fully understood in order to 
comprehensively understand and design phototrophic treatment. Gaps continue to exist in other 
areas, and additional work needs to be undertaken to examine how nutrient loading (i.e., HRT), 
and environmental conditions such as temperature, light, and pH affect community structure and 
function. Each of these parameters need to be studied in-depth in order to reliably predict system 
performance across a range of operational conditions.  
 As we continue to examine microalgal community structure, there are several areas that 
could continue to be improved using current (i.e., second-generation) amplicon sequencing 
approaches, namely (1) gene copy number for the 18S rRNA gene can vary between 1-12,000 
copies for phytoplankton (Zhu et al., 2005), and (2) the use of other amplicon regions may provide 
higher resolution and more accurate identification of community structure. The first issue may be 
addressed by integrating cell size or biovolume  information with sequencing data – gene copy 
number has been shown to vary linearly with cell size (Prokopowich et al., 2003; Zhu et al., 2005), 
and more strongly with biovolume (Vargas et al., 2015). However, information necessary to relate 
specific species to cell size and copy number is difficult to obtain from the literature and this 
relationship needs to be studied further. With regards to the second issue, additional primers that 
target different regions should be evaluated for error and compared to the primers used here.  
Furthermore, the identification of microalgal community structure will continue to change and 
improve with the advent of new, third generation sequencing technologies (e.g., nanopore 
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sequencing). These technologies will introduce different biases when examining community 
structure, and the continued use of mock communities and the evaluation of error associated with 








Altschul, S., 1990. Basic Local Alignment Search Tool. J. Mol. Biol. 215, 403–410. 
doi:10.1006/jmbi.1990.9999 
Amaral-Zettler, L. a., McCliment, E. a., Ducklow, H.W., Huse, S.M., 2009. A method for 
studying protistan diversity using massively parallel sequencing of V9 hypervariable 
regions of small-subunit ribosomal RNA Genes. PLoS One 4, 1–9. 
doi:10.1371/journal.pone.0006372 
Anbalagan, A., Schwede, S., Lindberg, C.-F., Nehrenheim, E., 2016. Influence of hydraulic 
retention time on indigenous microalgae and activated sludge process. Water Res. 91, 277–
284. doi:10.1016/j.watres.2016.01.027 
Arbib, Z., Ruiz, J., Álvarez-Díaz, P., Garrido-Pérez, C., Barragan, J., Perales, J. a., 2013. Long 
term outdoor operation of a tubular airlift pilot photobioreactor and a high rate algal pond as 
tertiary treatment of urban wastewater. Ecol. Eng. 52, 143–153. 
doi:10.1016/j.ecoleng.2012.12.089 
ASCE, 2017. 2017 Report Card for America’s Infrastructure. 
Axelsson, M., Gentili, F., 2014. A Single-Step Method for Rapid Extraction of Total Lipids from 
Green Microalgae. PLoS One 9, e89643. doi:10.1371/journal.pone.0089643 
Baas-Becking, L.G.M., 1934. Geobiologie of inleiding tot de milieukunde, The Hague, Neth.: 
van Stockum and Zoon. 
Balzano, S., Abs, E., Leterme, S.C., 2015. Protist diversity along a salinity gradient in a coastal 
lagoon. Aquat. Microb. Ecol. 74, 263–277. doi:10.3354/ame01740 
Barbosa, M.J., Janssen, M., Ham, N., Tramper, J., Wijffels, R.H., 2003. Microalgae cultivation 
in air-lift reactors: modeling biomass yield and growth rate as a function of mixing 
frequency. Biotechnol. Bioeng. 82, 170–9. doi:10.1002/bit.10563 
Batstone, D.J., Keller, J., Angelidaki, I., Kalyuzhnyi, S. V., Pavlostathis, S.G., Rozzi, A., 
Sanders, W.T., Siegrist, H., Vavilin, V.A., 2002. The IWA Anaerobic Digestion Model No 
1 (ADM1). Water Sci. Technol. 45, 65–73. doi:10.2166/wst.2008.678 
Bazin, P., Jouenne, F., Deton-Cabanillas, A.-F., Pérez-Ruzafa, Á., Véron, B., 2013. Complex 
patterns in phytoplankton and microeukaryote diversity along the estuarine continuum. 
Hydrobiologia 726, 155–178. doi:10.1007/s10750-013-1761-9 
Benemann, J., Pedroni, P.M., Davison, J., Beckert, H., Bergman, P., 2003. Technology Roadmap 
for Biofixation of CO 2 and Greenhouse Gas Abatement with Microalgae. Network 
7010000926, 1–11. 
Benita, Y., Oosting, R.S., Lok, M.C., Wise, M.J., Humphery-Smith, I., 2003. Regionalized GC 
content of template DNA as a predictor of PCR success. Nucleic Acids Res. 31, e99. 
doi:10.1093/nar/gng101 
Boelee, N.C., Janssen, M., Temmink, H., Shrestha, R., Buisman, C.J.N., Wijffels, R.H., 2014. 
Nutrient removal and biomass production in an outdoor pilot-scale phototrophic biofilm 
reactor for effluent polishing. Appl. Biochem. Biotechnol. 172, 405–422. 
doi:10.1007/s12010-013-0478-6 
Boyle, N.R., Morgan, J. a, 2009. Flux balance analysis of primary metabolism in 
Chlamydomonas reinhardtii. BMC Syst. Biol. 3, 4. doi:10.1186/1752-0509-3-4 
Bradley, I.M., Pinto, A.J., Guest, J.S., 2016. Design and evaluation of illumina MiSeq-
compatible, 18S rRNA gene-specific primers for improved characterization of mixed 
84 
 
phototrophic communities. Appl. Environ. Microbiol. 82, 5878–5891. 
doi:10.1128/AEM.01630-16 
Bradley, I.M., Rivera, M.S., Pinto, A.J., Guest, J.S., 2017. Nutrient and Community Structure 
Dynamics of Algal-Bacterial Wastewater Treatment Systems. Prep. 
Brányiková, I., Maršálková, B., Doucha, J., Brányik, T., Bišová, K., Zachleder, V., Vítová, M., 
2011. Microalgae-novel highly efficient starch producers. Biotechnol. Bioeng. 108, 766–
776. 
Bronk, D.A., See, J.H., Bradley, P., Killberg, L., 2007. DON as a source of bioavailable nitrogen 
for phytoplankton. Biogeosciences 4, 283–296. 
Bronk, D.A., See, J.H., Bradley, P., Killberg, L., 2006. DON as a source of bioavailable nitrogen 
for phytoplankton. Biogeosciences Discuss. 3, 1247–1277. doi:10.5194/bgd-3-1247-2006 
Brown, T.M., Duan, P., Savage, P.E., 2010. Hydrothermal liquefaction and gasification of 
Nannochloropsis sp. Energy and Fuels 24, 3639–3646. 
Bru, D., Martin-Laurent, F., Philippot, L., 2008. Quantification of the detrimental effect of a 
single primer-template mismatch by real-time PCR using the 16S rRNA gene as an 
example. Appl. Environ. Microbiol. 74, 1660–3. doi:10.1128/AEM.02403-07 
Burrell, P., Keller, J., Blackall, L.L., 1999. Characterisation of the bacterial consortium involved 
in nitrite oxidation in activated sludge, in: Water Science and Technology. pp. 45–52. 
doi:10.1016/S0273-1223(99)00121-3 
Caporaso, J.G., Lauber, C.L., Walters, W.A., Berg-Lyons, D., Huntley, J., Fierer, N., Owens, 
S.M., Betley, J., Fraser, L., Bauer, M., Gormley, N., Gilbert, J.A., Smith, G., Knight, R., 
2012. Ultra-high-throughput microbial community analysis on the Illumina HiSeq and 
MiSeq platforms. ISME J. 6, 1621–4. doi:10.1038/ismej.2012.8 
Carney, L.T., Reinsch, S.S., Lane, P.D., Solberg, O.D., Jansen, L.S., Williams, K.P., Trent, J.D., 
Lane, T.W., 2014. Microbiome analysis of a microalgal mass culture growing in municipal 
wastewater in a prototype OMEGA photobioreactor. ALGAL 4, 52–61. 
doi:10.1016/j.algal.2013.11.006 
Carvalho, A.P., Monteiro, C.M., Malcata, F.X., 2009. Simultaneous effect of irradiance and 
temperature on biochemical composition of the microalga Pavlova lutheri. J. Appl. Phycol. 
21, 543–552. doi:10.1007/s10811-009-9415-z 
Červený, J., Šetlík, I., Trtílek, M., Nedbal, L., 2009. Photobioreactor for cultivation and real-
time, in-situ measurement of O 2 and CO 2 exchange rates, growth dynamics, and of 
chlorophyll fluorescence emission of photoautotrophic microorganisms. Eng. Life Sci. 9, 
247–253. doi:10.1002/elsc.200800123 
Chambers, P.A., McGoldrick, D.J., Brua, R.B., Vis, C., Culp, J.M., Benoy, G.A., 2012. 
Development of Environmental Thresholds for Nitrogen and Phosphorus in Streams. J. 
Environ. Qual. 41, 7. doi:10.2134/jeq2010.0273 
Chen, Y., Lan, S., Wang, L., Dong, S., Zhou, H., Tan, Z., Li, X., 2017. A review: Driving factors 
and regulation strategies of microbial community structure and dynamics in wastewater 
treatment systems. Chemosphere 174, 173–182. doi:10.1016/j.chemosphere.2017.01.129 
Chisti, Y., 2007. Biodiesel from microalgae. Biotechnol. Adv. 25, 294–306. 
doi:10.1016/j.biotechadv.2007.02.001 
Cho, D.-H., Choi, J.-W., Kang, Z., Kim, B.-H., Oh, H.-M., Kim, H., Ramanan, R., 2017. 
Microalgal diversity fosters stable biomass productivity in open ponds treating wastewater. 
Sci. Rep. 7, 1979. doi:10.1038/s41598-017-02139-8 
Christenson, L., Sims, R., 2011. Production and harvesting of microalgae for wastewater 
85 
 
treatment, biofuels, and bioproducts. Biotechnol. Adv. 29, 686–702. 
doi:10.1016/j.biotechadv.2011.05.015 
Clarens, A.F., Nassau, H., Resurreccion, E.P., White, M. a, Colosi, L.M., 2011. Environmental 
impacts of algae-derived biodiesel and bioelectricity for transportation. Environ. Sci. 
Technol. 45, 7554–60. doi:10.1021/es200760n 
Clarens, A.F., Resurreccion, E.P., White, M.A., Colosi, L.M., 2010. Environmental life cycle 
comparison of algae to other bioenergy feedstocks. Environ. Sci. Technol. 44, 1813–1819. 
Clark, D.L., Hunt, G., Kasch, M.S., Lemonds, P.J., Moen, G.M., Neethling, J.B., 2010. 
Regulatory Approaches to Protect Water Quality, Volume I - Review of Exisiting Practices. 
Water Environment Research Foundation, International Water Association, HDR 
Engineering. 
Collins, S., 2011. Competition limits adaptation and productivity in a photosynthetic alga at 
elevated CO2. Proc. Biol. Sci. 278, 247–55. doi:10.1098/rspb.2010.1173 
Collins, S., de Meaux, J., 2009. Adaptation to different rates of environmental change in 
Chlamydomonas. Evolution 63, 2952–65. doi:10.1111/j.1558-5646.2009.00770.x 
Conley, D.J., Paerl, H.W., Howarth, R.W., Boesch, D.F., Seitzinger, S.P., Havens, K.E., 
Lancelot, C., Likens, G.E., 2009. Ecology - Controlling eutrophication: Nitrogen and 
phosphorus. Science (80-. ). 323, 1014–1015. doi:10.1126/science.1167755 
Courchesne, N.M.D., Parisien, A., Wang, B., Lan, C.Q., 2009. Enhancement of lipid production 
using biochemical, genetic and transcription factor engineering approaches. J. Biotechnol. 
141, 31–41. doi:10.1016/j.jbiotec.2009.02.018 
Craggs, R.J., Davies-Colley, R.J., Tanner, C.C., Sukias, J.P., 2003. Advanced pond system: 
performance with high rate ponds of different depths and areas. Water Sci. Technol. 48, 
259–67. 
Craggs, R.J., Heubeck, S., Lundquist, T.J., Benemann, J.R., 2011. Algal biofuels from 
wastewater treatment high rate algal ponds. Water Sci. Technol. 63, 660–5. 
doi:10.2166/wst.2011.100 
Crocetti, G.R., Hugenholtz, P., Bond, P.L., Schuler, A., Keller, J., Jenkins, D., Blackall, L.L., 
2000. Identification of Polyphosphate-Accumulating Organisms and Design of 16S rRNA-
Directed Probes for Their Detection and Quantitation. Appl. Environ. Microbiol. 66, 1175–
1182. doi:10.1128/AEM.66.3.1175-1182.2000 
de Godos, I., Vargas, V. a, Guzmán, H.O., Soto, R., García, B., García, P. a, Muñoz, R., 2014. 
Assessing carbon and nitrogen removal in a novel anoxic-aerobic cyanobacterial-bacterial 
photobioreactor configuration with enhanced biomass sedimentation. Water Res. 61C, 77–
85. doi:10.1016/j.watres.2014.04.050 
de los Reyes, F.L., 2010. Challenges in determining causation in structure-function studies using 
molecular biological techniques. Water Res. 44, 4948–4957. 
doi:10.1016/j.watres.2010.07.038 
Dean, A.P., Estrada, B., Nicholson, J.M., Sigee, D.C., 2008. Molecular response of Anabaena 
flos-aquae to differing concentrations of phosphorus: A combined Fourier transform 
infrared and X-ray microanalytical study. Phycol. Res. 56, 193–201. 
Dethlefsen, L., Huse, S., Sogin, M.L., Relman, D.A., 2008. The pervasive effects of an antibiotic 
on the human gut microbiota, as revealed by deep 16S rRNA sequencing. PLoS Biol. 6, 
e280. doi:10.1371/journal.pbio.0060280 
Di, B., Pedrós-alió, C., Massana, R., Pedro, C., 2001. Study of Genetic Diversity of Eukaryotic 
Picoplankton in Different Oceanic Regions by Small-Subunit rRNA Gene Cloning and 
86 
 
Sequencing Study of Genetic Diversity of Eukaryotic Picoplankton in Different Oceanic 
Regions by Small-Subunit rRNA Gene Cloning and . doi:10.1128/AEM.67.7.2932 
Dismukes, G.C., Carrieri, D., Bennette, N., Ananyev, G.M., Posewitz, M.C., 2008. Aquatic 
phototrophs: efficient alternatives to land-based crops for biofuels. Curr. Opin. Biotechnol. 
19, 235–240. doi:10.1016/j.copbio.2008.05.007 
DoE, 2010. National algal biofuels technology roadmap. US Dep. Energy, Off. Energy Effic. …. 
DOE (U.S. Department of Energy)., 2016. National Algal Biofuels Technology Review. Off. 
Energy Effic. Renew. Energy, Bioenergy Technol. Off. 
Drexler, I.L.C., Bekaan, S., Eskandari, Y., Yeh, D.H., 2014. Implications of nutrient removal and 
biomass production by native and augmented algal populations at a municipal wastewater 
treatment plant. Water Sci. Technol. 70, 1152–60. doi:10.2166/wst.2014.340 
Duret, M.T., Pachiadaki, M.G., Stewart, F.J., Sarode, N., Christaki, U., Monchy, S., Srivastava, 
A., Edgcomb, V.P., 2015. Size-fractionated diversity of eukaryotic microbial communities 
in the Eastern Tropical North Pacific oxygen minimum zone. FEMS Microbiol. Ecol. 91. 
doi:10.1093/femsec/fiv037 
Edgar, R.C., Haas, B.J., Clemente, J.C., Quince, C., Knight, R., 2011. UCHIME improves 
sensitivity and speed of chimera detection. Bioinformatics 27, 2194–200. 
doi:10.1093/bioinformatics/btr381 
Eiler, A., Drakare, S., Bertilsson, S., Pernthaler, J., Peura, S., Rofner, C., Simek, K., Yang, Y., 
Znachor, P., Lindström, E.S., 2013. Unveiling distribution patterns of freshwater 
phytoplankton by a next generation sequencing based approach. PLoS One 8, e53516. 
doi:10.1371/journal.pone.0053516 
Eland, L.E., Davenport, R., Mota, C.R., 2012. Evaluation of DNA extraction methods for 
freshwater eukaryotic microalgae. Water Res. 46, 5355–64. 
doi:10.1016/j.watres.2012.07.023 
Eugene W. Rice, Rodger B. Baird, Andrew D. Eaton, L.S.C., 2012. Standard Methods for the 
Examination of Water and Wastewater. Am. Water Work. Assoc. Public Work. Assoc. 
Environ. Fed. 1469. 
Fadrosh, D.W., Ma, B., Gajer, P., Sengamalay, N., Ott, S., Brotman, R.M., Ravel, J., 2014. An 
improved dual-indexing approach for multiplexed 16S rRNA gene sequencing on the 
Illumina MiSeq platform. Microbiome 2, 6. doi:10.1186/2049-2618-2-6 
Fedders, A.C., DeBellis, J.L., Bradley, I.M., Sevillano-Rivera, M.C., Pinto, A.J., Guest, J.S., 
2017. Geographically distinct algal communities remain distinct despite similar wastewater 
treatment performance across diel cycles. ES&T. 
Fukuda, H., Kondo, A., Noda, H., 2001. Biodiesel fuel production by transesterification of oils. 
J. Biosci. Bioeng. 92, 405–416. doi:10.1016/S1389-1723(01)80288-7 
Fuller, N.J., Campbell, C., Allen, D.J., Pitt, F.D., Zwirglmaier, K., Le Gall, F., Vaulot, D., 
Scanlan, D.J., 2006. Analysis of photosynthetic picoeukaryote diversity at open ocean sites 
in the Arabian Sea using a PCR biased towards marine algal plastids. Aquat. Microb. Ecol. 
43, 79–93. doi:10.3354/ame043079 
García, J., Green, B.F., Lundquist, T., Mujeriego, R., Hernández-Mariné, M., Oswald, W.J., 
2006. Long term diurnal variations in contaminant removal in high rate ponds treating urban 
wastewater. Bioresour. Technol. 97, 1709–15. doi:10.1016/j.biortech.2005.07.019 
Gardner-Dale, D.A., Bradley, I.M., Guest, J.S., 2017. Influence of solids residence time and 
carbon storage on nitrogen and phosphorus recovery by microalgae across diel cycles. 
Water Res. 121, 231–239. doi:10.1016/j.watres.2017.05.033 
87 
 
Ghosh, S., Love, N.G., 2011. Application of rbcL based molecular diversity analysis to algae in 
wastewater treatment plants. Bioresour. Technol. 102, 3619–22. 
doi:10.1016/j.biortech.2010.10.125 
Godos, I. De, Blanco, S., García-Encina, P. a, Becares, E., Muñoz, R., 2009. Long-term 
operation of high rate algal ponds for the bioremediation of piggery wastewaters at high 
loading rates. Bioresour. Technol. 100, 4332–9. doi:10.1016/j.biortech.2009.04.016 
Goldman, J.C., Porcella, D.B., Joe Middlebrooks, E., Toerien, D.F., 1972. The effect of carbon 
on algal growth-Its relationship to eutrophication. Water Res. doi:10.1016/0043-
1354(72)90182-0 
Golueke, C.G., Oswald, W.J., 1963. Power from solar energy—Via algae-produced methane. 
Sol. Energy 7, 86–92. doi:10.1016/0038-092X(63)90033-1 
Golueke, C.G., Oswald, W.J., 1959. Biological Conversion of Light Energy to the Chemical 
Energy of Methane. Appl. Microbiol. 7, 219–227. 
Golueke, C.G., Oswald, W.J., Gotaas, H.B., 1957. Anaerobic Digestion of Algae. Appl. 
Microbiol. 5, 47–55. 
Goodson, C., Roth, R., Wang, Z.T., Goodenough, U., 2011. Structural correlates of cytoplasmic 
and chloroplast lipid body synthesis in Chlamydomonas reinhardtii and stimulation of lipid 
body production with acetate boost. Eukaryot. Cell 10, 1592–606. doi:10.1128/EC.05242-
11 
Griffiths, M.J., Harrison, S.T.L., 2009. Lipid productivity as a key characteristic for choosing 
algal species for biodiesel production. J. Appl. Phycol. 21, 493–507. doi:10.1007/s10811-
008-9392-7 
Guerrini, F., Cangini, M., Boni, L., Trost, P., Pistocchi, R., 2000. METABOLIC RESPONSES 
OF THE DIATOM ACHNANTHES BREVIPES (BACILLARIOPHYCEAE) TO 
NUTRIENT LIMITATION. J. Phycol. 36, 882–890. doi:10.1046/j.1529-8817.2000.99070.x 
Guest, J.S., Skerlos, S.J., Barnard, J.L., Beck, M.B., Hill, C.H.M., Carolina, N., Jackson, S.J., 
Macpherson, L., 2009. A New Planning and Design Paradigm to Achieve Sustainable 
Resource Recovery from 43, 6126–6130. doi:10.1021/es803001r 
Guest, J.S., van Loosdrecht, M.C.M., Skerlos, S.J., Love, N.G., 2013. Lumped pathway 
metabolic model of organic carbon accumulation and mobilization by the alga 
Chlamydomonas reinhardtii. Environ. Sci. Technol. 47, 3258–67. doi:10.1021/es304980y 
Guo, L., Sui, Z., Zhang, S., Ren, Y., Liu, Y., 2015. Comparison of Potential Diatom “Barcode” 
Genes (18S and ITS rDNA, COI, rbcL) and Their Effectiveness in Discriminating and 
Determining Species Taxonomy in Bacillariophyta. Int. J. Syst. Evol. Microbiol. 1369–
1380. doi:10.1099/ijs.0.000076 
Gutzeit, G., Lorch, D., Weber, A., Engels, M., Neis, U., 2005. Bioflocculent algal-bacterial 
biomass improves low-cost wastewater treatment. Water Sci. Technol. 52, 9–18. 
Hadziavdic, K., Lekang, K., Lanzen, A., 2014. Characterization of the 18S rRNA Gene for 
Designing Universal Eukaryote Specific Primers. PLoS One 9. 
doi:10.1371/journal.pone.0087624 
Hardin, G., 1960. The Competitive Exclusion Principle. Science (80-. ). 131, 1292–1297. 
doi:10.1126/science.131.3409.1292 
Hebert, P.D.N., Cywinska, A., Ball, S.L., deWaard, J.R., 2003. Biological identifications through 
DNA barcodes. Proc. Biol. Sci. 270, 313–21. doi:10.1098/rspb.2002.2218 
Hepperle, D., Krienitz, L., 2001. Systematics and Ecology of Chlorophyte Picoplankton in 




Hermanowicz, S.W., Cheng, Y.-W., 1990. Biological fluidized bed reactor: Hydrodynamics, 
biomass distribution and performance. Water Sci. Technol. 22. 
Hong, S., Bunge, J., Leslin, C., Jeon, S., Epstein, S.S., 2009. Polymerase chain reaction primers 
miss half of rRNA microbial diversity. ISME J. 3, 1365–73. doi:10.1038/ismej.2009.89 
Hu, M., Wang, X., Wen, X., Xia, Y., 2012. Microbial community structures in different 
wastewater treatment plants as revealed by 454-pyrosequencing analysis. Bioresour. 
Technol. 117, 72–79. doi:10.1016/j.biortech.2012.04.061 
Hu, Q., Sommerfeld, M., Jarvis, E., Ghirardi, M., Posewitz, M., Seibert, M., Darzins, A., 2008. 
Microalgal triacylglycerols as feedstocks for biofuel production: Perspectives and advances. 
Plant J. 54, 621–639. doi:10.1111/j.1365-313X.2008.03492.x 
Hu, Y., Hao, X., van Loosdrecht, M., Chen, H., 2017. Enrichment of highly settleable microalgal 
consortia in mixed cultures for effluent polishing and low-cost biomass production. Water 
Res. 125, 11–22. doi:10.1016/j.watres.2017.08.034 
Hugerth, L.W., Muller, E.E.L., Hu, Y.O.O., Lebrun, L. a M., Roume, H., Lundin, D., Wilmes, P., 
Andersson, A.F., 2014. Systematic Design of 18S rRNA Gene Primers for Determining 
Eukaryotic Diversity in Microbial Consortia. PLoS One 9, e95567. 
doi:10.1371/journal.pone.0095567 
Huntley, M.E., Redalje, D.G., 2007. CO2 Mitigation and Renewable Oil from Photosynthetic 
Microbes: A New Appraisal, Mitigation and Adaptation Strategies for Global Change. 
doi:10.1007/s11027-006-7304-1 
Huse, S.M., Welch, D.M., Morrison, H.G., Sogin, M.L., 2010. Ironing out the wrinkles in the 
rare biosphere through improved OTU clustering. Environ. Microbiol. 12, 1889–98. 
doi:10.1111/j.1462-2920.2010.02193.x 
Illman, A.M., Scragg, A.H., Shales, S.W., 2000. Increase in Chlorella strains calorific values 
when grown in low nitrogen medium. Enzyme Microb. Technol. 27, 631–635. 
Illumina, 2013. Low-Diversity Sequencing on the Illumina. 
Iman Shayan, S., Agblevor, F.A., Bertin, L., Sims, R.C., 2016. Hydraulic retention time effects 
on wastewater nutrient removal and bioproduct production via rotating algal biofilm reactor. 
Bioresour. Technol. 211, 527–533. doi:10.1016/j.biortech.2016.03.104 
Ishii, K., Fukui, M., 2001. Optimization of annealing temperature to reduce bias caused by a 
primer mismatch in multitemplate PCR. Appl. Environ. Microbiol. 67, 3753–5. 
doi:10.1128/AEM.67.8.3753-3755.2001 
Jakob O. Nalley, Maria Stockenreiter,  and E.L., 2014. Community Ecology of Algal Biofuels: 
Complementarity and Trait-Based Approaches. Ind. Biotechnol. 10, 191–201. 
doi:10.1089/ind.2013.0038 
Joshi, N., Fass, J., 2011. Sickle: A sliding-window, adaptive, quality-based trimming tool for 
FastQ files (Version 1.33). 
Jupsin, H., Praet, E., Vasel, J.L., 2003. Dynamic mathematical model of high rate algal ponds 
(HRAP), in: Water Science and Technology. pp. 197–204. 
Juretschko, S., Timmermann, G., Schmid, M., Schleifer, K.H., Pommerening-Röser, A., Koops, 
H.P., Wagner, M., 1998. Combined molecular and conventional analyses of nitrifying 
bacterium diversity in activated sludge: Nitrosococcus mobilis and Nitrospira-like bacteria 
as dominant populations. Appl. Environ. Microbiol. 64, 3042–3051. 
Kaewpipat, K., Grady, C.P.L., 2002. Microbial population dynamics in laboratory-scale 
activated sludge reactors, in: Water Science and Technology. pp. 19–27. 
89 
 
Kembel, S.W., Wu, M., Eisen, J. a, Green, J.L., 2012. Incorporating 16S gene copy number 
information improves estimates of microbial diversity and abundance. PLoS Comput. Biol. 
8, e1002743. doi:10.1371/journal.pcbi.1002743 
Kim, Y.M., Cho, H.U., Lee, D.S., Park, D., Park, J.M., 2011. Influence of operational parameters 
on nitrogen removal efficiency and microbial communities in a full-scale activated sludge 
process. Water Res. 45, 5785–5795. doi:10.1016/j.watres.2011.08.063 
Klindworth, A., Pruesse, E., Schweer, T., Peplies, J., Quast, C., Horn, M., Glöckner, F.O., 2013. 
Evaluation of general 16S ribosomal RNA gene PCR primers for classical and next-
generation sequencing-based diversity studies. Nucleic Acids Res. 41, e1. 
doi:10.1093/nar/gks808 
Kliphuis, A.M.J., Klok, A.J., Martens, D.E., Lamers, P.P., Janssen, M., Wijffels, R.H., 2012. 
Metabolic modeling of Chlamydomonas reinhardtii: energy requirements for 
photoautotrophic growth and maintenance. J. Appl. Phycol. 24, 253–266. 
doi:10.1007/s10811-011-9674-3 
Konstantinidis, K.T., Ramette, A., Tiedje, J.M., 2006. The bacterial species definition in the 
genomic era. Philos. Trans. R. Soc. Lond. B. Biol. Sci. 361, 1929–40. 
doi:10.1098/rstb.2006.1920 
Kooi, B.W., Boer, M.P., Kooijman, S., 1997. Complex dynamic behaviour of autonomous 
microbial food chains. J. Math. Biol. 36, 24–40. 
Kozich, J.J., Westcott, S.L., Baxter, N.T., Highlander, S.K., Schloss, P.D., 2013a. Development 
of a dual-index sequencing strategy and curation pipeline for analyzing amplicon sequence 
data on the MiSeq Illumina sequencing platform. Appl. Environ. Microbiol. 79, 5112–20. 
doi:10.1128/AEM.01043-13 
Kozich, J.J., Westcott, S.L., Baxter, N.T., Highlander, S.K., Schloss, P.D., 2013b. Development 
of a dual-index sequencing strategy and curation pipeline for analyzing amplicon sequence 
data on the MiSeq Illumina sequencing platform. Appl. Environ. Microbiol. 79, 5112–20. 
doi:10.1128/AEM.01043-13 
Kropat, J., Hong-Hermesdorf, A., Casero, D., Ent, P., Castruita, M., Pellegrini, M., Merchant, 
S.S., Malasarn, D., 2011. A revised mineral nutrient supplement increases biomass and 
growth rate in Chlamydomonas reinhardtii. Plant J. 66, 770–80. doi:10.1111/j.1365-
313X.2011.04537.x 
Kundzewicz, Z.W., Mata, L.J., Arnell, N.W., Döll, P., Jimenez, B., Miller, K., Oki, T., Şen, Z., 
Shiklomanov, I., 2008. The implications of projected climate change for freshwater 
resources and their management. Hydrol. Sci. J. 53, 3–10. doi:10.1623/hysj.53.1.3 
Kunin, V., Engelbrektson, A., Ochman, H., Hugenholtz, P., 2010. Wrinkles in the rare biosphere: 
pyrosequencing errors can lead to artificial inflation of diversity estimates. Environ. 
Microbiol. 12, 118–23. doi:10.1111/j.1462-2920.2009.02051.x 
Lacour, T., Sciandra, A., Talec, A., Mayzaud, P., Bernard, O., 2012. Neutral Lipid and 
Carbohydrate Productivities As a Response To Nitrogen Status in Isochrysis Sp. (T-Iso; 
Haptophyceae): Starvation Versus Limitation1. J. Phycol. 48, 647–656. doi:10.1111/j.1529-
8817.2012.01154.x 
Larsen*, T. a., Alder, A.C., Eggen, R.I.L., Maurer, M., Lienert, J., 2009. Source Separation: Will 
We See a Paradigm Shift in Wastewater Handling? 1. Environ. Sci. Technol. 43, 6121–
6125. doi:10.1021/es803001r 
Lawson, C.E., Strachan, B.J., Hanson, N.W., Hahn, A.S., Hall, E.R., Rabinowitz, B., Mavinic, 
D.S., Ramey, W.D., Hallam, S.J., 2015. Rare taxa have potential to make metabolic 
90 
 
contributions in enhanced biological phosphorus removal ecosystems. Environ. Microbiol. 
17, 4979–4993. doi:10.1111/1462-2920.12875 
Layton, A.C., Dionisi, H., Kuo, H., Kevin, G., Garrett, V.M., Meyers, A., Gary, S., Robinson, 
K.G., Sayler, G.S., 2005. Emergence of Competitive Dominant Ammonia-Oxidizing 
Bacterial Populations in a Full-Scale Industrial Wastewater Treatment Plant Emergence of 
Competitive Dominant Ammonia-Oxidizing Bacterial Populations in a Full-Scale Industrial 
Wastewater Treatment Plant. Appl. Environ. Microbiol. 71, 1105–1108. 
doi:10.1128/AEM.71.2.1105 
Lehman, J.T., Scavia, D., 1982. Microscale patchiness of nutrients in plankton communities. 
Science 216, 729–30. doi:10.1126/science.216.4547.729 
Leow, S., Witter, J.R., Vardon, D.R., Sharma, B.K., Guest, J.S., Strathmann, T.J., 2015a. 
liquefaction products from feedstock biochemical. Green Chem. 3584–3599. 
doi:10.1039/c5gc00574d 
Leow, S., Witter, J.R., Vardon, D.R., Sharma, B.K., Guest, J.S., Strathmann, T.J., 2015b. 
Prediction of microalgae hydrothermal liquefaction products from feedstock biochemical 
composition. Green Chem. 17, 3584–3599. doi:10.1039/C5GC00574D 
Li, Y., Han, D., Sommerfeld, M., Hu, Q., 2011. Photosynthetic carbon partitioning and lipid 
production in the oleaginous microalga Pseudochlorococcum sp. (Chlorophyceae) under 
nitrogen-limited conditions. Bioresour. Technol. 102, 123–9. 
doi:10.1016/j.biortech.2010.06.036 
Li, Y., Horsman, M., Wang, B., Wu, N., Lan, C.Q., 2008. Effects of nitrogen sources on cell 
growth and lipid accumulation of green alga Neochloris oleoabundans. Appl. Microbiol. 
Biotechnol. 81, 629–636. 
Liu, H., Jeong, J., Gray, H., Smith, S., Sedlak, D.L., 2012. Algal uptake of hydrophobic and 
hydrophilic dissolved organic nitrogen in effluent from biological nutrient removal 
municipal wastewater treatment systems. Environ. Sci. Technol. 46, 713–21. 
doi:10.1021/es203085y 
Logares, R., Audic, S., Santini, S., Pernice, M.C., de Vargas, C., Massana, R., 2012. Diversity 
patterns and activity of uncultured marine heterotrophic flagellates unveiled with 
pyrosequencing. ISME J. 6, 1823–33. doi:10.1038/ismej.2012.36 
Lourenço, S.O., Barbarino, E., Marquez, U.M.L., Aidar, E., 1998. Distribution of Intracellular 
Nitrogen in Marine Microalgae: Basis for the Calculation of Specific Nitrogen-to-Protein 
Conversion Factors. J. Phycol. 34, 798–811. doi:10.1046/j.1529-8817.1998.340798.x 
Lundberg, D.S., Yourstone, S., Mieczkowski, P., Jones, C.D., Dangl, J.L., 2013. Practical 
innovations for high-throughput amplicon sequencing. Nat. Methods 10, 999–1002. doi:Doi 
10.1038/Nmeth.2634 
Lundholm, N., Moestrup, O., Kotaki, Y., Hoef-Emden, K., Scholin, C., Miller, P., 2006. INTER- 
AND INTRASPECIFIC VARIATION OF THE PSEUDO-NITZSCHIA DELICATISSIMA 
COMPLEX (BACILLARIOPHYCEAE) ILLUSTRATED BY RRNA PROBES, 
MORPHOLOGICAL DATA AND PHYLOGENETIC ANALYSES1. J. Phycol. 42, 464–
481. doi:10.1111/j.1529-8817.2006.00211.x 
Mairet, F., Bernard, O., Masci, P., Lacour, T., Sciandra, A., 2011. Modelling neutral lipid 
production by the microalga Isochrysis aff. galbana under nitrogen limitation. Bioresour. 
Technol. 102, 142–9. doi:10.1016/j.biortech.2010.06.138 
Mamedov, T.G., Pienaar, E., Whitney, S.E., TerMaat, J.R., Carvill, G., Goliath, R., 
Subramanian, A., Viljoen, H.J., 2008. A fundamental study of the PCR amplification of 
91 
 
GC-rich DNA templates. Comput. Biol. Chem. 32, 452–7. 
doi:10.1016/j.compbiolchem.2008.07.021 
Manichaikul, A., Ghamsari, L., Hom, E.F.Y., Lin, C., Murray, R.R., Chang, R.L., Balaji, S., 
Hao, T., Shen, Y., Chavali, A.K., Thiele, I., Yang, X., Fan, C., Mello, E., Hill, D.E., Vidal, 
M., Salehi-Ashtiani, K., Papin, J. a, 2009. Metabolic network analysis integrated with 
transcript verification for sequenced genomes. Nat. Methods 6, 589–592. 
doi:10.1038/nmeth.1348 
Mara, D., 2013. Pits, Pipes, Ponds − and Me. Water Res. doi:10.1016/j.watres.2013.01.051 
Mara, D., 2011. WSP Design manual - Australia. 
Marie, D., Shi, X.L., Rigaut-Jalabert, F., Vaulot, D., 2010. Use of flow cytometric sorting to 
better assess the diversity of small photosynthetic eukaryotes in the English Channel. FEMS 
Microbiol. Ecol. 72, 165–178. doi:10.1111/j.1574-6941.2010.00842.x 
Mark Ibekwe, A., Murinda, S.E., Murry, M.A., Schwartz, G., Lundquist, T., 2017. Microbial 
community structures in high rate algae ponds for bioconversion of agricultural wastes from 
livestock industry for feed production. Sci. Total Environ. 580, 1185–1196. 
doi:10.1016/j.scitotenv.2016.12.076 
Markou, G., Angelidaki, I., Georgakakis, D., 2012. Microalgal carbohydrates : an overview of 
the factors influencing carbohydrates production , and of main bioconversion technologies 
for production of biofuels 631–645. doi:10.1007/s00253-012-4398-0 
McCarty, P.L., Bae, J., Kim, J., 2011. Domestic wastewater treatment as a net energy producer--
can this be achieved? Environ. Sci. Technol. 45, 7100–6. doi:10.1021/es2014264 
McIlroy, S.J., Saunders, A.M., Albertsen, M., Nierychlo, M., McIlroy, B., Hansen, A.A., Karst, 
S.M., Nielsen, J.L., Nielsen, P.H., 2015. MiDAS: The field guide to the microbes of 
activated sludge. Database 2015. doi:10.1093/database/bav062 
Medinger, R., Nolte, V., Pandey, R.V., Jost, S., Ottenwälder, B., Schlötterer, C., Boenigk, J., 
2010. Diversity in a hidden world: potential and limitation of next-generation sequencing 
for surveys of molecular diversity of eukaryotic microorganisms. Mol. Ecol. 19 Suppl 1, 
32–40. doi:10.1111/j.1365-294X.2009.04478.x 
Medlin, L., Elwood, H., Stickel, S., Sogin, M., 1988. The characterization of enzymatically 
amplified eukaryotic 16S-like rRNA-coding regions. Gene 71, 491–499. 
Medlin, L.K., Kooistra, W.H.C.F., Gersonde, R., Wellbrock, U., 1996. Evolution of the diatoms 
(Bacillariophyta). II. Nuclear-encoded small-subunit rRNA sequence comparisons confirm 
a paraphyletic origin for the centric diatoms. Mol. Biol. Evol. 13, 67–75. 
Meehl, G.A., Tebaldi, C., 2004. More Intense, More Frequent, and Longer Lasting Heat Waves 
in the 21st Century. Science (80-. ). 305, 994–997. doi:10.1126/science.1098704 
Menetrez, M.Y., 2012. An overview of algae biofuel production and potential environmental 
impact. Environ. Sci. Technol. 46, 7073–85. doi:10.1021/es300917r 
Mindl, B., Sonntag, B., Pernthaler, J., Vrba, J., Psenner, R., Posch, T., 2005. Effects of 
phosphorus loading on interactions of algae and bacteria: reinvestigation of the 
‘phytoplankton-bacteria paradox’ in a continuous cultivation system. Aquat. Microb. Ecol. 
38, 203–213. doi:10.3354/ame038203 
Mohrbeck, I., Raupach, M.J., Martínez Arbizu, P., Knebelsberger, T., Laakmann, S., 2015. High-
Throughput Sequencing—The Key to Rapid Biodiversity Assessment of Marine Metazoa? 
PLoS One 10, e0140342. doi:10.1371/journal.pone.0140342 
Mooij, P.R., Stouten, G.R., Tamis, J., van Loosdrecht, M.C.M., Kleerebezem, R., 2013. Survival 
of the fattest. Energy Environ. Sci. 6, 3404. doi:10.1039/c3ee42912a 
92 
 
Mooij, P.R., Stouten, G.R., van Loosdrecht, M.C., Kleerebezem, R., 2015. Ecology-based 
selective environments as solution to contamination in microalgal cultivation. Curr. Opin. 
Biotechnol. 33, 46–51. doi:10.1016/j.copbio.2014.11.001 
Moon-van der Staay, S.Y., van der Staay, G.W.M., Guillou, L., Vaulot, D., Claustre, H., Medlin, 
L.K., 2000. Abundance and diversity of prymnesiophytes in the picoplankton community 
from the equatorial Pacific Ocean inferred from 18S rDNA sequences. Limnol. Oceanogr. 
45, 98–109. doi:10.4319/lo.2000.45.1.0098 
Mori, A.S., Furukawa, T., Sasaki, T., 2013. Response diversity determines the resilience of 
ecosystems to environmental change. Biol. Rev. 88, 349–364. doi:10.1111/brv.12004 
Mulcahy, L.T., Shieh, W.K., LaMotta, E.J., 1980. Kinetic model of biological denitrification in a 
fluidized bed biofilm reactor (FBBR). Prog. water Technol. 12. 
Muñoz, R., Guieysse, B., 2006. Algal-bacterial processes for the treatment of hazardous 
contaminants: A review. Water Res. 40, 2799–2815. doi:10.1016/j.watres.2006.06.011 
Nedbal, L., Trtílek, M., Cervený, J., Komárek, O., Pakrasi, H.B., 2008. A photobioreactor system 
for precision cultivation of photoautotrophic microorganisms and for high-content analysis 
of suspension dynamics. Biotechnol. Bioeng. 100, 902–10. doi:10.1002/bit.21833 
Oki, T., Kanae, S., 2006. Global Hydrological Cycles and World Water Resources. Science (80-. 
). 313, 1068–1072. doi:10.1126/science.1128845 
Oswald, W.J., Golueke, C.G., 1960. Biological Transformation of Solar Energy. Adv. Appl. 
Microbiol. 2, 223–262. 
Paerl, H.W., Valdes, L.M., Joyner, A.R., Piehler, M.F., Lebo, M.E., 2004. Solving problems 
resulting from solutions: Evolution of a dual nutrient management strategy for the 
eutrophying Neuse River Estuary, North Carolina. Environ. Sci. Technol. 38, 3068–3073. 
doi:10.1021/es0352350 
Paerl, H.W., Valdes, L.M., Joyner, A.R., Piehler, M.F., Lebo, M.E., 2004. Solving Problems 
Resulting from Solutions:  Evolution of a Dual Nutrient Management Strategy for the 
Eutrophying Neuse River Estuary, North Carolina. Environ. Sci. Technol. 38, 3068–3073. 
doi:10.1021/es0352350 
Pagenkopp Lohan, K.M., Fleischer, R.C., Carney, K.J., Holzer, K.K., Ruiz, G.M., 2015. 
Amplicon-Based Pyrosequencing Reveals High Diversity of Protistan Parasites in Ships’ 
Ballast Water: Implications for Biogeography and Infectious Diseases. Microb. Ecol. 
doi:10.1007/s00248-015-0684-6 
Park, J.B.K., Craggs, R.J., 2011a. Algal production in wastewater treatment high rate algal ponds 
for potential biofuel use. Water Sci. Technol. 63, 2403. doi:10.2166/wst.2011.200 
Park, J.B.K., Craggs, R.J., 2011b. Nutrient removal in wastewater treatment high rate algal 
ponds with carbon dioxide addition. Water Sci. Technol. 63, 1758. 
doi:10.2166/wst.2011.114 
Park, J.B.K., Craggs, R.J., 2010. Wastewater treatment and algal production in high rate algal 
ponds with carbon dioxide addition. Water Sci. Technol. 61, 633–9. 
doi:10.2166/wst.2010.951 
Park, J.B.K., Craggs, R.J., Shilton, A.N., 2013. Enhancing biomass energy yield from pilot-scale 
high rate algal ponds with recycling. Water Res. 47, 4422–4432. 
doi:10.1016/j.watres.2013.04.001 
Park, J.B.K., Craggs, R.J., Shilton,  a N., 2011. Recycling algae to improve species control and 




Passos, F., Ferrer, I., 2014. Microalgae conversion to biogas: thermal pretreatment contribution 
on net energy production. Environ. Sci. Technol. 48, 7171–8. doi:10.1021/es500982v 
Patil, V., Tran, K.-Q., Giselrød, H.R., 2008. Towards sustainable production of biofuels from 
microalgae. Int. J. Mol. Sci. 9, 1188–1195. 
Paul, J.H., Alfreider, A., Wawrik, B., 2000. Micro- and macrodiversity in rbcL sequences in 
ambient phytoplankton populations from the southeastern Gulf of Mexico. Mar. Ecol. Prog. 
Ser. 198, 9–18. 
Pianka, E.R., 1970. On r-and K-selection. Am. Nat. 592–597. doi:10.1086/282697 
Pinto, A.J., Raskin, L., 2012. PCR biases distort bacterial and archaeal community structure in 
pyrosequencing datasets. PLoS One 7, e43093. doi:10.1371/journal.pone.0043093 
Pittman, J.K., Dean, A.P., Osundeko, O., 2011a. The potential of sustainable algal biofuel 
production using wastewater resources. Bioresour. Technol. 102, 17–25. 
doi:10.1016/j.biortech.2010.06.035 
Pittman, J.K., Dean, A.P., Osundeko, O., 2011b. The potential of sustainable algal biofuel 
production using wastewater resources. Bioresour. Technol. 102, 17–25. 
doi:10.1016/j.biortech.2010.06.035 
Polz, M.F., Cavanaugh, C.M., 1998. Bias in template-to-product ratios in multitemplate PCR. 
Appl. Environ. Microbiol. 64, 3724–3730. 
Ponce-Campos, G.E., Moran, M.S., Huete, A., Zhang, Y., Bresloff, C., Huxman, T.E., Eamus, 
D., Bosch, D.D., Buda, A.R., Gunter, S.A., Scalley, T.H., Kitchen, S.G., McClaran, M.P., 
McNab, W.H., Montoya, D.S., Morgan, J.A., Peters, D.P.C., Sadler, E.J., Seyfried, M.S., 
Starks, P.J., 2013. Ecosystem resilience despite large-scale altered hydroclimatic conditions. 
Nature 494, 349–352. doi:10.1038/nature11836 
Prokopowich, C., Gregory, T., Crease, T., 2003. The correlation between rDNA copy number 
and genome size in eukaryotes. Genome. 
Pruvost, J., Van Vooren, G., Cogne, G., Legrand, J., 2009. Investigation of biomass and lipids 
production with Neochloris oleoabundans in photobioreactor. Bioresour. Technol. 100, 
5988–5995. doi:10.1016/j.biortech.2009.06.004 
Ptacnik, R., Solimini, A.G., Andersen, T., Tamminen, T., Brettum, P., Lepistö, L., Willén, E., 
Rekolainen, S., 2008. Diversity predicts stability and resource use efficiency in natural 
phytoplankton communities. Proc. Natl. Acad. Sci. U. S. A. 105, 5134–5138. 
doi:10.1073/pnas.0708328105 
Purkhold, U., Pommerening-Roser, A., Juretschko, S., Schmid, M.C., Koops, H.-P., Wagner, M., 
2000. Phylogeny of All Recognized Species of Ammonia Oxidizers Based on Comparative 
16S rRNA and amoA Sequence Analysis: Implications for Molecular Diversity Surveys. 
Appl. Environ. Microbiol. 66, 5368–5382. doi:10.1128/AEM.66.12.5368-5382.2000 
Qin, C., Liu, H., Liu, L., Smith, S., Sedlak, D.L., Gu, A.Z., 2015. Bioavailability and 
characterization of dissolved organic nitrogen and dissolved organic phosphorus in 
wastewater effluents. Sci. Total Environ. 511, 47–53. doi:10.1016/j.scitotenv.2014.11.005 
Quince, C., Lanzén, A., Curtis, T.P., Davenport, R.J., Hall, N., Head, I.M., Read, L.F., Sloan, 
W.T., 2009. Accurate determination of microbial diversity from 454 pyrosequencing data. 
Nat. Methods 6, 639–41. doi:10.1038/nmeth.1361 
Rabah, F.K.J., Dahab, M.F., Zhang, T.C., 2007. Estimation of the intrinsic maximum substrate 
utilization rate using batch reactors with denitrifying biofilm: A proposed methodology. 
Water Environ. Res. 79. doi:10.2175/106143007X175924 
Rao, A.R., Dayananda, C., Sarada, R., Shamala, T.R., Ravishankar, G.A., 2007. Effect of salinity 
94 
 
on growth of green alga Botryococcus braunii and its constituents. Bioresour. Technol. 98, 
560–4. doi:10.1016/j.biortech.2006.02.007 
Ratledge, C., 2001. Regulation of lipid accumulation in oleaginous micro-organisms. Biochem. 
Soc. Trans. 30, 1047. doi:10.1042/BST0301047 
Reeder, J., Knight, R., 2010. Rapidly denoising pyrosequencing amplicon reads by exploiting 
rank-abundance distributions. Nat. Methods 7, 668–9. doi:10.1038/nmeth0910-668b 
Reysenbach, A.L., Giver, L.J., Wickham, G.S., Pace, N.R., 1992. Differential amplification of 
rRNA genes by polymerase chain reaction. Appl. Environ. Microbiol. 
Richmond, A., 2004. Handbook of microalgal culture: biotechnology and applied 
phycology/edited by Amos Richmond. Orton.Catie.Ac.Cr 472. doi:10.1002/9780470995280 
Richmond, A., Hu, Q., 2013. Handbook of Microalgal Culture: Applied Phycology and 
Biotechnology: Second Edition, Handbook of Microalgal Culture: Applied Phycology and 
Biotechnology: Second Edition. 
Rittmann, B.E., McCarty, P.L., 2001. Environmental Biotechnology: Principles and 
Applications, Biotechnology. 
Roberts, G.W., Fortier, M.-O.P., Sturm, B.S.M., Stagg-Williams, S.M., 2013. Promising 
Pathway for Algal Biofuels through Wastewater Cultivation and Hydrothermal Conversion. 
Energy & Fuels 27, 857–867. doi:10.1021/ef3020603 
Rodolfi, L., Zittelli, G.C., Bassi, N., Padovani, G., Biondi, N., Bonini, G., Tredici, M.R., 2009. 
Microalgae for oil: Strain selection, induction of lipid synthesis and outdoor mass 
cultivation in a low-cost photobioreactor. Biotechnol. Bioeng. 102, 100–112. 
Roesch, L.F.W., Fulthorpe, R.R., Riva, A., Casella, G., Hadwin, A.K.M., Kent, A.D., Daroub, 
S.H., Camargo, F.A.O., Farmerie, W.G., Triplett, E.W., 2007. Pyrosequencing enumerates 
and contrasts soil microbial diversity. ISME J. 1, 283–90. doi:10.1038/ismej.2007.53 
Rognes, T., Flouri, T., Nichols, B., Quince, C., Mahé, F., 2016. VSEARCH: a versatile open 
source tool for metagenomics. PeerJ 4, e2584. doi:10.7717/peerj.2584 
Schloss, P.D., Gevers, D., Westcott, S.L., 2011. Reducing the effects of PCR amplification and 
sequencing artifacts on 16S rRNA-based studies. PLoS One 6, e27310. 
doi:10.1371/journal.pone.0027310 
Schloss, P.D., Westcott, S.L., 2011. Assessing and improving methods used in operational 
taxonomic unit-based approaches for 16S rRNA gene sequence analysis. Appl. Environ. 
Microbiol. 77, 3219–26. doi:10.1128/AEM.02810-10 
Schloss, P.D., Westcott, S.L., Ryabin, T., Hall, J.R., Hartmann, M., Hollister, E.B., Lesniewski, 
R. a, Oakley, B.B., Parks, D.H., Robinson, C.J., Sahl, J.W., Stres, B., Thallinger, G.G., Van 
Horn, D.J., Weber, C.F., 2009. Introducing mothur: open-source, platform-independent, 
community-supported software for describing and comparing microbial communities. Appl. 
Environ. Microbiol. 75, 7537–41. doi:10.1128/AEM.01541-09 
Shade, A., Jones, S.E., Gregory Caporaso, J., Handelsman, J., Knight, R., Fierer, N., Gilbert, 
J.A., 2014. Conditionally rare taxa disproportionately contribute to temporal changes in 
microbial diversity. MBio 5, 1–9. doi:10.1128/mBio.01371-14 
Shannon, C.E., 1948. A Mathematical Theory of Communication. Bell Syst. Tech. J. 27, 379–
423. doi:10.1002/j.1538-7305.1948.tb01338.x 
Sherwood, A.R., Presting, G.G., 2007. Universal primers amplify a 23S rDNA plastid marker in 
eukaryotic algae and cyanobacteria. J. Phycol. 43, 605–608. doi:10.1111/j.1529-
8817.2007.00341.x 
Shoener, B.D., Bradley, I.M., Cusick, R.D., Guest, J.S., 2014. Energy positive domestic 
95 
 
wastewater treatment: the roles of anaerobic and phototrophic technologies. Environ. Sci. 
Process. Impacts 1204–1222. doi:10.1039/c3em00711a 
Shoener, B.D., Bradley, I.M., Cusick, R.D., Guest, J.S., 2014. Energy positive domestic 
wastewater treatment: the roles of anaerobic and phototrophic technologies. Environ. Sci. 
Process. Impacts 16, 1204–1222. doi:10.1039/C3EM00711A 
Shurin, J.B., Mandal, S., Abbott, R.L., 2014. Trait diversity enhances yield in algal biofuel 
assemblages. J. Appl. Ecol. 51, 603–611. doi:10.1111/1365-2664.12242 
Siaut, M., Cuiné, S., Cagnon, C., Fessler, B., Nguyen, M., Carrier, P., Beyly, A., Beisson, F., 
Triantaphylidès, C., Li-Beisson, Y., Peltier, G., 2011. Oil accumulation in the model green 
alga Chlamydomonas reinhardtii: characterization, variability between common laboratory 
strains and relationship with starch reserves. BMC Biotechnol. 11, 7. doi:10.1186/1472-
6750-11-7 
Sigee, D.C., 2005. Freshwater Microbiology: Biodiversity and Dynamic Interactions of 
Microorganisms in the Aquatic Environment, Freshwater Microbiology: Biodiversity and 
Dynamic Interactions of Microorganisms in the Aquatic Environment. 
doi:10.1002/9780470011256 
Silva-Benavides, A.M., Torzillo, G., 2011. Nitrogen and phosphorus removal through laboratory 
batch cultures of microalga Chlorella vulgaris and cyanobacterium Planktothrix isothrix 
grown as monoalgal and as co-cultures. J. Appl. Phycol. 24, 267–276. doi:10.1007/s10811-
011-9675-2 
Silva, C.C., Jesus, E.C., Torres, A.P.R., Sousa, M.P., Santiago, V.M.J., Oliveira, V.M., 2010. 
Investigation of bacterial diversity in membrane bioreactor and conventional activated 
sludge processes from petroleum refineries using phylogenetic and statistical approaches. J. 
Microbiol. Biotechnol. 20, 447–449. doi:JMB020-03-01 [pii] 
Siripong, S., Rittmann, B.E., 2007. Diversity study of nitrifying bacteria in full-scale municipal 
wastewater treatment plants. Water Res. 41, 1110–1120. doi:10.1016/j.watres.2006.11.050 
Snaidr, J., Amann, R., Huber, I., Ludwig, W., Schleifer, K.H., 1997. Phylogenetic analysis and in 
situ identification of bacteria in activated sludge. Appl. Environ. Microbiol. 63, 2884–2896. 
Sogin, M.L., Morrison, H.G., Huber, J.A., Mark Welch, D., Huse, S.M., Neal, P.R., Arrieta, 
J.M., Herndl, G.J., 2006. Microbial diversity in the deep sea and the underexplored “rare 
biosphere”. Proc. Natl. Acad. Sci. U. S. A. 103, 12115–20. doi:10.1073/pnas.0605127103 
Stadhouders, R., Pas, S.D., Anber, J., Voermans, J., Mes, T.H.M., Schutten, M., 2010. The effect 
of primer-template mismatches on the detection and quantification of nucleic acids using 
the 5’ nuclease assay. J. Mol. Diagn. 12, 109–17. doi:10.2353/jmoldx.2010.090035 
Stephenson, A.L., Dennis, J.S., Howe, C.J., Scott, S.A., Smith, A.G., 2010. Influence of 
nitrogen-limitation regime on the production by Chlorella vulgaris of lipids for biodiesel 
feedstocks 1, 47–58. 
Stoeck, T., Bass, D., Nebel, M., Christen, R., Jones, M.D.M., Breiner, H.-W., Richards, T.A., 
2010. Multiple marker parallel tag environmental DNA sequencing reveals a highly 
complex eukaryotic community in marine anoxic water. Mol. Ecol. 19 Suppl 1, 21–31. 
doi:10.1111/j.1365-294X.2009.04480.x 
Sturm, B.S.M., Lamer, S.L., 2011. An energy evaluation of coupling nutrient removal from 
wastewater with algal biomass production. Appl. Energy 88, 3499–3506. 
doi:10.1016/j.apenergy.2010.12.056 
Sutherland, D., Turnbull, M., Broady, P., Craggs, R., 2014. Wastewater microalgal production , 
nutrient removal and physiological adaptation in response to changes in mixing frequency. 
96 
 
Water Res. 61, 130–140. doi:10.1016/j.watres.2014.05.011 
Sutherland, D.L., Howard-Williams, C., Turnbull, M.H., Broady, P.A., Craggs, R.J., 2015. The 
effects of CO2 addition along a pH gradient on wastewater microalgal photo-physiology, 
biomass production and nutrient removal. Water Res. 70, 9–26. 
doi:10.1016/j.watres.2014.10.064 
Sutherland, D.L., Turnbull, M.H., Craggs, R.J., 2017. Environmental drivers that influence 
microalgal species in fullscale wastewater treatment high rate algal ponds. Water Res. 124, 
504–512. doi:10.1016/j.watres.2017.08.012 
Suzuki, M.T., Giovannoni, S.J., 1996. Bias caused by template annealing in the amplification of 
mixtures of 16S rRNA genes by PCR. Appl. Environ. Microbiol. 62, 625–630. 
Takabe, Y., Hidaka, T., Tsumori, J., Minamiyama, M., 2016. Effects of hydraulic retention time 
on cultivation of indigenous microalgae as a renewable energy source using secondary 
effluent. Bioresour. Technol. 207, 399–408. doi:10.1016/j.biortech.2016.01.132 
Tanabe, A.S., Nagai, S., Hida, K., Yasuike, M., Fujiwara, A., Nakamura, Y., Takano, Y., 
Katakura, S., 2015. Comparative study of the validity of three regions of the 18S-rRNA 
gene for massively parallel sequencing-based monitoring of the planktonic eukaryote 
community. Mol. Ecol. Resour. n/a-n/a. doi:10.1111/1755-0998.12459 
Tchobanoglous, G., Burton, F.L., Stensel, H.D., 2014. Wastewater Engineering: Treatment and 
Resource Recovery, Metcalf & Eddy. doi:10.1016/0309-1708(80)90067-6 
Teske, A., Hinrichs, K.-U., Edgcomb, V., de Vera Gomez, A., Kysela, D., Sylva, S.P., Sogin, 
M.L., Jannasch, H.W., 2002. Microbial Diversity of Hydrothermal Sediments in the 
Guaymas Basin: Evidence for Anaerobic Methanotrophic Communities. Appl. Environ. 
Microbiol. 68, 1994–2007. doi:10.1128/AEM.68.4.1994-2007.2002 
Tilman, D., 2004. Niche tradeoffs, neutrality, and community structure: A stochastic theory of 
resource competition, invasion, and community assembly. Proc. Natl. Acad. Sci. 101, 
10854–10861. doi:10.1073/pnas.0403458101 
Uggetti, E., Sialve, B., Latrille, E., Steyer, J.P., 2014. Anaerobic digestate as substrate for 
microalgae culture: The role of ammonium concentration on the microalgae productivity. 
Bioresour. Technol. 152, 437–443. doi:10.1016/j.biortech.2013.11.036 
USEPA, 2008. Evaluation Report:  Despite Progress, EPA Needs to Improve Oversight of 
Wastewater Upgrades in the Chesapeake Bay Watershed. USEPA, Office of the Inspector 
General, Washington, D.C. 
USEPA, 2006. Wastewater Management Fact Sheet: Energy Conservation. Office of Water. 
USEPA, 2002. Wastewater Technology Fact Sheet: Facultative Lagoons. 
Valigore, J.M., Gostomski, P. a, Wareham, D.G., O’Sullivan, A.D., 2012. Effects of hydraulic 
and solids retention times on productivity and settleability of microbial (microalgal-
bacterial) biomass grown on primary treated wastewater as a biofuel feedstock. Water Res. 
46, 2957–64. doi:10.1016/j.watres.2012.03.023 
Van Wychen, S., Laurens, L.M.L., 2015. Determination of Total Carbohydrates in Algal 
Biomass: Laboratory Analytical Procedure (Technical Report No. NREL/TP-5100-60957). 
National Renewable Energy Laboratory, Golden CO. 
Vargas, C. De, Audic, S., Henry, N., Decelle, J., Mahé, F., Logares, R., Lara, E., Berney, C., 
Bescot, N. Le, Probert, I., Carmichael, M., Poulain, J., Romac, S., 2015. Eukaryotic 
plankton diversity in the sunlit ocean. Science (80-. ). 348, 1–11. 
Vasconcelos Fernandes, T., Shrestha, R., Sui, Y., Papini, G., Zeeman, G., Vet, L.E.M., Wijffels, 
R.H., Lamers, P., 2015. Closing Domestic Nutrient Cycles Using Microalgae. Environ. Sci. 
97 
 
Technol. 49, 12450–12456. doi:10.1021/acs.est.5b02858 
Vasudevan, V., Stratton, R.W., Pearlson, M.N., Jersey, G.R., Beyene, A.G., Weissman, J.C., 
Rubino, M., Hileman, J.I., 2012. Environmental performance of algal biofuel technology 
options. Environ. Sci. Technol. 46, 2451–2459. doi:10.1021/es2026399 
Vaulot, D., Eikrem, W., Viprey, M., Moreau, H., 2008. The diversity of small eukaryotic 
phytoplankton (< or =3 microm) in marine ecosystems. FEMS Microbiol. Rev. 32, 795–
820. doi:10.1111/j.1574-6976.2008.00121.x 
Verstraete, W., Van de Caveye, P., Diamantis, V., 2009. Maximum use of resources present in 
domestic “used water.” Bioresour. Technol. 100, 5537–5545. 
doi:10.1016/j.biortech.2009.05.047 
Viprey, M., Guillou, L., Ferréol, M., Vaulot, D., 2008. Wide genetic diversity of picoplanktonic 
green algae (Chloroplastida) in the Mediterranean Sea uncovered by a phylum-biased PCR 
approach. Environ. Microbiol. 10, 1804–22. doi:10.1111/j.1462-2920.2008.01602.x 
Viruela, A., Murgui, M., Gómez-Gil, T., Durán, F., Robles, Á., Ruano, M.V., Ferrer, J., Seco, A., 
2016. Water resource recovery by means of microalgae cultivation in outdoor 
photobioreactors using the effluent from an anaerobic membrane bioreactor fed with pre-
treated sewage. Bioresour. Technol. 218, 447–454. doi:10.1016/j.biortech.2016.06.116 
Vuono, D.C., Benecke, J., Henkel, J., Navidi, W.C., Cath, T.Y., Munakata-Marr, J., Spear, J.R., 
Drewes, J.E., 2015. Disturbance and temporal partitioning of the activated sludge 
metacommunity. ISME J. 9, 425–435. doi:10.1038/ismej.2014.139 
Waycott, M., Duarte, C.M., Carruthers, T.J.B., Orth, R.J., Dennison, W.C., Olyarnik, S., 
Calladine, A., Fourqurean, J.W., Heck, K.L., Hughes, A.R., Kendrick, G.A., Kenworthy, 
W.J., Short, F.T., Williams, S.L., 2009. Accelerating loss of seagrasses across the globe 
threatens coastal ecosystems. Proc. Natl. Acad. Sci. 106, 12377–12381. 
doi:10.1073/pnas.0905620106 
Whitton, R., Le Mével, A., Pidou, M., Ometto, F., Villa, R., Jefferson, B., 2016. Influence of 
microalgal N and P composition on wastewater nutrient remediation. Water Res. 91, 371–
378. doi:10.1016/j.watres.2015.12.054 
Widjaja, A., Chien, C.-C., Ju, Y.-H., 2009. Study of increasing lipid production from fresh water 
microalgae Chlorella vulgaris. J. Taiwan Inst. Chem. Eng. 40, 13–20. 
Woertz, I., Feffer, A., Lundquist, T., Nelson, Y., 2009. Algae Grown on Dairy and Municipal 
Wastewater for Biofuel Feedstock 135. 
Wolf, G., Picioreanu, C., Loosdrecht, M.C.M. Van, 2007. Kinetic Modeling of Phototrophic 
Biofilms : The PHOBIA Model 97, 1064–1079. doi:10.1002/bit 
Wu, L., Wen, C., Qin, Y., Yin, H., Tu, Q., Van Nostrand, J.D., Yuan, T., Yuan, M., Deng, Y., 
Zhou, J., 2015. Phasing amplicon sequencing on Illumina Miseq for robust environmental 
microbial community analysis. BMC Microbiol. 15, 125. doi:10.1186/s12866-015-0450-4 
Wu, X., Merchuk, J.C., 2002. Simulation of algae growth in a bench-scale bubble column 
reactor. Biotechnol. Bioeng. 80, 156–68. doi:10.1002/bit.10350 
Xu, M., Li, P., Tang, T., Hu, Z., 2015. Roles of SRT and HRT of an algal membrane bioreactor 
system with a tanks-in-series configuration for secondary wastewater effluent polishing. 
Ecol. Eng. 85, 257–264. doi:10.1016/j.ecoleng.2015.09.064 
Zhou, J., Wu, L., Deng, Y., Zhi, X., Jiang, Y., Tu, Q., Xie, J., Nostrand, J.D. Van, He, Z., Yang, 
Y., Van Nostrand, J.D., He, Z., Yang, Y., 2011. Reproducibility and quantitation of 
amplicon sequencing-based detection. ISME J. 5, 1303–13. doi:10.1038/ismej.2011.11 
Zhu, F., Massana, R., Not, F., Marie, D., Vaulot, D., 2005. Mapping of picoeucaryotes in marine 
98 
 
ecosystems with quantitative PCR of the 18S rRNA gene. FEMS Microbiol. Ecol. 52, 79–
92. doi:10.1016/j.femsec.2004.10.006 
Zhu, L., Wang, Z., Shu, Q., Takala, J., Hiltunen, E., Feng, P., Yuan, Z., 2013. Nutrient removal 
and biodiesel production by integration of freshwater algae cultivation with piggery 
wastewater treatment. Water Res. 47, 4294–302. doi:10.1016/j.watres.2013.05.004 
This chapter was previously published as supplementary material in Applied & Environmental Microbiology as: Bradley, I.M., 
Pinto, A.J., Guest, J.S. Design and Evaluation of Illumina MiSeq-Compatible, 18S rRNA Gene-Specific Primers for Improved 





SUPPLEMENTARY MATERIAL FOR DESIGN AND EVALUATION OF ILLUMINA 
MISEQ-COMPATIBLE, 18S RRNA GENE-SPECIFIC PRIMERS FOR IMPROVED 
CHARACTERIZATION OF MIXED MICROALGAL COMMUNITIES 
 
Table A.1: Algal species included in the construction of mock communities used in this study. 
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  Table A.1. (cont.)    








  42.6% 46.0% 
 
Table A.2: Environmental samples evaluated using V4 and V8-V9 based amplicon sequencing 
of the 18S rRNA gene. 
 
Environment Sample ID Name Description Location 
Freshwater 4F marsh Bray's Bayou, TX 
5F marsh Bray's Bayou, TX 
6F pond Willow Water Hole, TX 
Wastewater 3W primary effluent Lawrence, KS WWTP 
4W primary effluent Algaewheel, Charleston IL WWTP 
5W primary effluent ISTC, IL 
6W primary effluent Algaewheel, UIUC 
7W primary effluent Raceway pond, UIUC 
8W primary effluent Urbana IL WWTP 
9W secondary effluent Urbana IL WWTP 
10W secondary effluent Urbana IL WWTP 
Marine 1M ocean Revere Beach, Broadsound, MA 
2M creek/ocean San Juan Creek, Pacific  
4M ocean Dauphine Island, Lagoon 
5M ocean  Dauphine Island, Bay 



















M11 mock community Freshwater:Marine 100:0 
M12 mock community 100:0 
M13 mock community 100:0 
M21 mock community 100:1 
M22 mock community 100:1 
M23 mock community 100:1 
M31 mock community 100:10 
M32 mock community 100:10 
M33 mock community 100:10 
M41 mock community 1:1 
M42 mock community 1:1 
M43 mock community 1:1 
M51 mock community 10:100 
M52 mock community 10:100 
M53 mock community 10:100 
M61 mock community 1:100 




M63 mock community 1:100 
M71 mock community 0:100 
M72 mock community 0:100 
M73 mock community 0:100 
 
Table A.3: EukA (forward) and EukB (reverser) primers used for amplifying full-length 18S 







Table A.4: Forward and reverse dual-index primers (with heterogeneity spacers) used for the V4 
region of the 18S rRNA gene. 
 
ID  5' adapter  i5 index 
Heterogeneity 












































ID  3' adapter i7 index 
Heterogeneity 
Spacer pad/linker   gene-specific (V4R) 
SA701 
CAAGCAGAAGACGGC
ATACGAGAT AACTCTCG   AGTCAGTCAG CC ACTTTCGTTCTTGAT 
SA702 
CAAGCAGAAGACGGC
ATACGAGAT ACTATGTC T AGTCAGTCAG CC ACTTTCGTTCTTGAT 
SA703 
CAAGCAGAAGACGGC
ATACGAGAT AGTAGCGT GT AGTCAGTCAG CC ACTTTCGTTCTTGAT 
SA704 
CAAGCAGAAGACGGC
ATACGAGAT CAGTGAGT CCA AGTCAGTCAG CC ACTTTCGTTCTTGAT 
SA705 
CAAGCAGAAGACGGC
ATACGAGAT CGTACTCA ATCA AGTCAGTCAG CC ACTTTCGTTCTTGAT 
SA706 
CAAGCAGAAGACGGC
ATACGAGAT CTACGCAG TGCCT AGTCAGTCAG CC ACTTTCGTTCTTGAT 
SA707 
CAAGCAGAAGACGGC
ATACGAGAT GGAGACTA GACTGC AGTCAGTCAG CC ACTTTCGTTCTTGAT 





Table A.4. (cont.) 
SA708 
CAAGCAGAAGACGGC
ATACGAGAT GTCGCTCG CCTGCTC AGTCAGTCAG CC ACTTTCGTTCTTGAT 
SA709 
CAAGCAGAAGACGGC
ATACGAGAT GTCGTAGT   AGTCAGTCAG CC ACTTTCGTTCTTGAT 
SA710 
CAAGCAGAAGACGGC
ATACGAGAT TAGCAGAC T AGTCAGTCAG CC ACTTTCGTTCTTGAT 
SA711 
CAAGCAGAAGACGGC
ATACGAGAT TCATAGAC GT AGTCAGTCAG CC ACTTTCGTTCTTGAT 
SA712 
CAAGCAGAAGACGGC
ATACGAGAT TCGCTATA CCG AGTCAGTCAG CC ACTTTCGTTCTTGAT 
 
 
Table A.5: Forward and reverse dual-index primers (with heterogeneity spacers) used for the 
V8-V9 region of the 18S rRNA gene. 
 
  5' adapter  i5 index 
Heterogeneity 













































  3' adapter i7 index 
Heterogeneity 
Spacer pad/linker link gene-specific (V9R) 
SB701 
CAAGCAGAAGACGGC






























































Figure A.1: Priming locations for the 5 primers used in this study, aligned to the 18S rRNA gene 






Figure A.2: SILVA TestPrime results from in silico PCR using the original V4 primer set, 
modified V4 primer set, and the V8-V9 set. The low coverage for the V8-V9 region is due to a 
































Figure A.4: Proportion of reads with greater than phred score 30 (top) and proportion of the four 
















Figure A.5: The distribution of the four nucleotides per sequencing run was greatly improved 


















Figure A.6: Mean relative abundance of mock community obtained from sequencing run 2 (V4 




























Figure A.7: Read overlap versus similarity cutoff for V4 (top) and V8-V9 (bottom) primer sets 
and the effect on Jaccard distance (dissimilarity). Each set shows 1 of 3 replicates for the even 













Figure A.8: Mean relative abundance of each mock community member for MC1, MC3, MC5, 
and MC7 (in order from top to bottom) determined by targeting the V4 (blue) and V8-V9 (red) 



































Figure A.9: Community composition for the V4 (top) and V8-V9 (bottom) regions at the genus 
level (taxonomy level = 6 in mothur) across all environmental samples. Only genus with relative 
abundance >0.01% are shown for clarity. Samples containing the letters F, W, and M, are 
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Figure A.10: PCoA plot of environmental samples using Bray-Curtis metrics for V4 (left) and 
V8-V9 (right). The top graphs show freshwater (green), marine (blue), and wastewater (orange) 
samples. The bottom graphs show samples within the wastewater treatment process (orange – 

























Table A.6: Results for Analysis of molecular variance (AMOVA) test comparing sequencing 




Groups V4 V8-V9 
Environmental samples 
freshwater-marine-wastewater p-value <0.001 p-value <0.001 
freshwater-marine p-value <0.001 p-value <0.001 
freshwater-wastewater p-value <0.001 p-value <0.001 
marine-wastewater p-value <0.001 p-value <0.001 
Wastewater samples 
primary-secondary-treatment p-value <0.001 p-value <0.001 
primary-secondary clarification p-value   0.004 p-value   0.005 
primary clarification-treatment p-value   0.002 p-value   0.002 
secondary clarification-treatment p-value <0.001 p-value <0.001 

































Table A.7: Mean relative abundance of environmental samples for the V4 and V8-V9 regions at 
the class level (taxonomy level = 3 in mothur). These percentages correlate to the bar graphs 
displayed in Figure 8. 
 
V4	
	 4F	 5F	 6F	 4W	 5W	 6W	 7W	 8W	 9W	 10W	 1M	 2M	 4M	 5M	
Chloroplastida	 12%	 10%	 8%	 34%	 100%	 64%	 99%	 24%	 4%	 99%	 0%	 0%	 7%	 2%	
Rhodophyceae	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 17%	 0%	 0%	 0%	
Cryptomonadales	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	
Goniomonas	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	
Kathablepharidae	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 1%	 1%	
Pavlovophyceae	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 92%	 5%	 0%	
Holozoa	 2%	 1%	 7%	 1%	 0%	 2%	 0%	 1%	 50%	 0%	 2%	 0%	 13%	 9%	
Nucletmycea	 1%	 1%	 0%	 1%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	
unclassified	
Opisthokonta	 0%	 0%	 1%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	
Picomonadea	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 2%	 0%	 4%	 2%	
Alveolata	 25%	 40%	 38%	 4%	 0%	 2%	 0%	 12%	 2%	 0%	 9%	 0%	 15%	 22%	
Rhizaria	 11%	 8%	 5%	 11%	 0%	 0%	 0%	 0%	 1%	 0%	 48%	 0%	 13%	 21%	
Stramenopiles	 6%	 7%	 22%	 36%	 0%	 3%	 1%	 56%	 13%	 0%	 13%	 7%	 37%	 30%	
unclassified	SAR	 4%	 1%	 1%	 0%	 0%	 0%	 0%	 1%	 0%	 1%	 1%	 0%	 0%	 4%	
unclassified	
Eukaryota	 38%	 32%	 18%	 13%	 0%	 28%	 0%	 5%	 30%	 0%	 7%	 0%	 4%	 9%	
V8-V9	
	 4F	 5F	 6F	 4W	 5W	 6W	 7W	 8W	 9W	 10W	 1M	 2M	 4M	 5M	
Chloroplastida	 6%	 4%	 3%	 22%	 100%	 47%	 98%	 12%	 2%	 99%	 0%	 0%	 1%	 1%	
Rhodophyceae	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	
Cryptomonadales	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	
Goniomonas	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	
Kathablepharidae	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	
Pavlovophyceae	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 86%	 2%	 0%	
Holozoa	 3%	 1%	 14%	 3%	 0%	 1%	 0%	 1%	 11%	 0%	 2%	 1%	 9%	 12%	
Nucletmycea	 1%	 2%	 0%	 0%	 0%	 0%	 0%	 0%	 1%	 0%	 0%	 0%	 0%	 0%	
unclassified	
Opisthokonta	 0%	 0%	 0%	 0%	 0%	 1%	 0%	 1%	 2%	 0%	 0%	 0%	 0%	 0%	
Picomonadea	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 0%	 2%	 0%	 2%	 2%	
Alveolata	 17%	 50%	 4%	 13%	 0%	 4%	 0%	 28%	 3%	 0%	 24%	 0%	 6%	 18%	
Rhizaria	 4%	 2%	 1%	 5%	 0%	 0%	 0%	 0%	 0%	 0%	 38%	 0%	 3%	 13%	
Stramenopiles	 9%	 6%	 24%	 51%	 0%	 6%	 1%	 54%	 53%	 0%	 17%	 13%	 71%	 27%	
unclassified	SAR	 18%	 3%	 38%	 0%	 0%	 0%	 0%	 0%	 3%	 0%	 4%	 0%	 1%	 4%	
unclassified	





Figure A.11: Principle coordinate analyses using Bray-Curtis distance metrics indicate that 
amplicon data clusters according to sample type (freshwater, green; wastewater orange; coastal, 
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SUPPLEMENTARY MATERIAL FOR NUTRIENT AND COMMUNITY STRUCTURE 
DYNAMICS OF ALGAL-BACTERIAL WASTEWATER TREATMENT SYSTEMS 
 
 
Figure B.1. Read length cutoff (x-axis) vs. percent clustering thresholds (y-axis) for sequence 
reads of a mock community standard (replicates MC1 and MC2). Depth (color; z-axis) shows the 
distance from the processed (actual) read sequences compared to the theoretical mock community 
using Bray-Curtis distances. As read length and percent clustering increase, the processed read 
sequences become closer to the theoretical community. Cutoff were selected at 3% clustering (in 

















































































































V4 region (full-length read: 380 bp) 
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Figures B.2-B.4. Bar plots showing the mean relative abundance of sequencing reads. For the sake 
of clarity, only the top 20 OTUs are shown for eukaryotes (V4 and V8-V9 variable region) and the 
top 50 OTUs are shown for the bacteria (V1-V3 variable region). Mean relative abundance plots 
do not add to 100% due to the missing OTUs. Samples ‘W2’ and ‘M2’ denote the mixed 
community that is present at t = 0 before Phase 1 and Phase 2, respectively. For the ease of 
comparison, they are included with each reactors samples at the location at which they occur in 
time series. All samples were sequenced in duplicate (denoted by the _1 or _2 appended to the end 
of each sample name). Missing samples had too many sequences removed for accurate 
comparison. 
 
Figure B.2. (V4 variable region - eukaryotes). Bar plots showing the mean relative abundance 
of sequencing reads across time for reactors SRT 5, 10, and 15, along with inocula sources and the 





























































































































































































Figure B.3. (V8-V9 variable region - eukaryotes). Bar plots showing the mean relative 
abundance of sequencing reads across time for reactors SRT 5, 10, and 15, along with inocula 














































































































































Figure B.4. (V8-V9 variable region - bacteria). Bar plots showing the mean relative abundance 
of sequencing reads across time for reactors SRT 5, 10, and 15, along with inocula sources and the 








































































































































































Figure B.5. Microscopy images taken of each mixed community reactor (SRT 5, 10, and 15) at 
steady-state (last sample point in the time series). Images are at 200x magnification unless 
otherwise noted. SRT 5 is dominated by filamentous eukaryotes and cyanobacteria, SRT 10 is a 
mix of filamentous and unicellular algae and cyanobacteria, and SRT 15 is dominated by 
unicellular and small colonial (i.e., Scenedesmus-type species). The last image of SRT 15 (Phase 
2) is shown at 630x magnification to show higher resolution of the representative type species 
























Table B.1. SRT was estimated using a mass balance of TN. N uptake (N influent – N effluent [mg 
N /d]) was calculated, and using the known N content (measured via CHN analysis) of the biomass 
and VSS concentration, a theoretical SRT was calculated. 
 




SRT 5 SRT 10 SRT 15 
Day	 Estimated SRT Day	 Estimated SRT Day	 Estimated SRT 
7 6.74 7 14.8 7 7.31 
14 7.73 15 10.9 16 9.95 
22 9.40 23 11.9 22 13.3 
31 7.52 31 14.6 46 19.5 
46 13.5 40 15.3 56 20.8 
56 12.6 58 15.7 64 23.9 
61 11.3 71 14.5 71 20.9 




SRT 5 SRT 10 SRT 15 
Day	 Estimated SRT Day	 Estimated SRT Day	 Estimated SRT 
7 6.76 7 6.62 7 7.45 
14 6.12 15 8.30 16 11.3 
22 6.80 23 11.4 22 15.0 
31 6.73 31 11.7 46 12.7 
46 7.22 40 13.1 56 16.8 
56 14.0 58 12.9 64 16.9 
61 7.31 71 12.8 71 16.6 










Figure B.6. Long-term effluent TN concentrations across the three reactors during Phase 1 (top) 
and during Phase 2 (bottom). Effluent concentration increases with increasing SRT. 
 
 
Figure B.7. Long-term effluent phosphate concentrations across the three reactors during Phase 
1 (circles/solid line) and during Phase 2 (squares/dashed line). Effluent concentration increases 
with increasing SRT. 
  




Figure B.8. N:P ratios (mass:mass) over time for each reactor during long-term operation of Phase 
1 (circles) and Phase 2 (squares). N:P ratio exhibits more variation between Phases at SRT 5 and 
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Figure B.9. Kinetic assays showing the N uptake by mixed algal-bacterial communities after 
steady-state operation. SRT 5 from Phase 2 is not shown due to a community crash during the 
kinetic experiment. All communities preferentially uptake NH4+, followed by NO2- and then NO3-
. Phase 2 shows higher rates than during Phase 1, with all N being taken up by 30 hours, compared 
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SUPPLEMENTARY INFORMATION FOR SELECTIVE PRESSURES IN PHOTOTROPHIC 
WASTEWATER TREATMENT SYSTEMS DRIVE COMMUNITY FUNCTION AND YIELD 
IMPROVED BIOENERGY FEEDSTOCKS 
 
 
Figure C.1. TSS concentrations for SRT 5 (blue), 10 (green), and 15 (red) during run 1 of 































Tables C.1-C.6. Amino acid residuals and protein conversion factors used for each SRT 
community. Protein conversion factors were calculated using the methods of Gardner-Dale et al. 
and Lourenco et al. by using the amount of nitrogen present in each amino acid residual and 
calculating the total weighted average nitrogen content of the biomass sample. 
 
Table C.1. Amino acid residuals for microalgal biomass from SRT 5, Run 1, along with N to 
protein conversion factors 
 
SRT 5 – Run 1  
Amino Acid  Molecular weight residual (g/mol) 


















Mass N / mol residual 18.47027379 
Mass amino acid/mol 
residual 106.0190913 














Table C.2. Amino acid residuals for microalgal biomass from SRT 10, Run 1, along with N to 
protein conversion factors 
 
SRT 10 R1 



















Mass N / mol residual 18.3769366 
Mass amino acid/mol 
residual 105.9997538 




















Table C.3. Amino acid residuals for microalgal biomass from SRT 15, Run 1, along with N to 
protein conversion factors 
 
SRT 15 R1 



















Mass N / mol residual 16.84482238 
Mass amino acid/mol 
residual 102.7840812 




















Table C.4. Amino acid residuals for microalgal biomass from SRT 5, Run 2, along with N to 
protein conversion factors 
 
SRT 5 R2 



















Mass N / mol residual 18.37515133 
Mass amino acid/mol 
residual 105.3685625 




















Table C.5. Amino acid residuals for microalgal biomass from SRT 10, Run 2, along with N to 
protein conversion factors 
 
SRT 10 R2 



















Mass N / mol residual 18.7627548 
Mass amino acid/mol 
residual 106.6367313 




















Table C.6. Amino acid residuals for microalgal biomass from SRT 15, Run 2, along with N to 
protein conversion factors 
 
SRT 15 R2 



















Mass N / mol residual 18.91009179 
Mass amino acid/mol 
residual 106.5736438 
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Table C.7. Kinetic parameters for algal cultures obtained during kinetic assays. 
 
 
Parameter SRT 5 SRT 10 SRT 15 Fedders et al. 
(2017) 
Guest et al. 
(2013) 
Units 
Extant storage carbohydrate 
content 
(fCH,extant) 
0.01 0.03 0.02 0.03-0.12 0.11 C-mol storage carbs × C-mol 
functional biomass -1 
Extant storage lipid content 
(fLI,extant) 
0.01 0.04 0.01 0.03-0.14 0.09 C-mol storage lipid × C-mol 
functional biomass -1 




0.08 0.35 0.57 0.44-1.5 0.85 C-mol storage carbs × C-mol 
functional biomass -1 
Maximum intrinsic storage 
lipid accumulation capacity 
(fLI,max) 
0.02 0.07 0.14 0.18-0.86 1.1 C-mol storage lipid × C-mol 
functional biomass -1 
Maximum rate of storage 
carbohydrate accumulation 
(qCH,max) 
.0004 .002 0.004 0.01-0.02 0.031* *XCH×mg(XCPO as VSS)-1×h-
1 
**mg carb×mg functional 
biomass-1×h-1 
Maximum rate of storage 
lipid accumulation 
(qLI,max) 
0.000 .0004 0.001 0.002-0.01 0.0091* *XLI×mg(XCPO as VSS)-1×h-1 
**mg lipid×mg functional 
biomass-1×h-1 
